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Abstract 
 
Extreme events, including precipitation extremes, can have severe impacts on human 
society and on ecosystems. In the late 20th century, heavy precipitation events tend to occur with 
increasing frequency or intensity proportion to total rainfall over most land areas in the world. 
Precipitation, however, is the single most difficult variable to simulate in numerical 
weather/climate models. There are very limited studies on modeling evaluation of long-term 
trends in extreme precipitation events over the contiguous U.S. 
This study examines the downscaling skills of a state-of-the-art regional climate model, 
the Climate extension of Weather Research and Forecasting Model (CWRF), in evaluating long-
term changes (1982-2008) in total precipitation and high precipitation events (e.g., 75th, 85th, 95th 
percentiles) over the contiguous U.S. The CWRF, driven by the NCEP-DOE AMIP II Reanalysis 
(R-2), was simulated for the period 1982-2008 over the contiguous United States. All the 27-yr 
interannual and interseasonal (half years of warm season: March-August; cold season: 
September-February) total and high precipitation events were calculated from the observational 
data and model outputs. The observed and simulated trends for the total and high precipitation 
events were calculated by using Kendall’s tau based slope estimator (Theil-Sen regression), a 
powerful alternative to the simple least squares linear regression slope. The Mann-Kendall Rank-
based nonparametric significance test was applied to evaluate the statistical significance of the 
trends in the total and high precipitation events. The CWRF not only captured the magnitudes of 
total and high precipitation evens overall in the contiguous U.S., but simulated their trends well 
relative to those derived from observations, even in higher-elevated subregions (e.g., the West 
Coast and some areas of Rocky Mountains), where it is difficult for a model to properly 
determine precipitation. In general the trends in total and high precipitation events simulated by 
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the model were not as intense as the observed ones. Better agreements between model and 
observations in both total and high precipitation events and their trends were found in the warm 
half years (warm seasons: Mar.-Aug.) than in the cold half years (cold seasons: Sep.-Feb.) during 
1982-2008. Thus, CWRF shows significant improvements in warm-season convective 
precipitation relative to many other numerical weather/climate models. It is also noticed that 
trends in the high precipitation events are highly sensitive to the spatial scale chosen (at least for 
a case study of the lower-elevated regions from the Midwest (MW) to Illinois (IL), and to central 
Illinois (CIL) in the contiguous U.S.) from both model and observations.  
This is the first study to evaluate a regional climate model’s capability in capturing long-
term historical trends in precipitation extremes (or high precipitation events) over the contiguous 
United States. Previously only Kunkel et al. (2002) evaluated a 10-yr (1979-88) heavy 
precipitation events over the U.S. using the second-generation Regional Climate Model 
(RegCM2), but did not examine the trends in the heavy precipitation. The findings have 
important implications on the capabilities of projections of total and extreme precipitation events 
in the future climate. Our study also provides important information for the capabilities of using 
this model to assess long-term variations of climatic and hydrologic extremes and hazards (e.g. 
floods, droughts, etc.) and to support mitigation strategies.  
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Chapter 1: Introduction 
 
Climate variability is one of the major drivers of both hydrological processes and human 
decisions regarding the water cycle. Precipitation, a direct connection between climate and the 
water cycle, affects the overall hydroclimate and agroclimate (agriculture related climate), 
particularly relative to drought, flood and streamflow (Groisman et al. 2004). In recent decades, 
heavy and extreme precipitation events tend to occur more frequently over most land areas on 
the Earth (IPCC 2007). As an important indicator of climate change, however, changes in heavy 
or extreme precipitation events in terms of occurrence frequency and intensity can occur 
independently or disproportionally from changes in the mean or total precipitation (Gershunov 
1998; Groisman et al. 1999; Meehl et al. 2000). For instance, the intensity of extreme 
precipitation events can increase under a stabilized or even decreased total precipitation 
(Easterling et al. 2000; Alpert et al. 2002; Groisman et al. 2005). More importantly, the 
variability of heavy and extreme precipitation events can have greater influence than changes in 
the total precipitation (Katz and Brown 1992). High and extreme precipitation events can lead to 
hydrological hazards, i.e., high streamflow and flooding (Kunkel et al. 1999b; Groisman et al. 
2001; Kunkel 2003a). Flood and storm events account for an annual average of nearly 50% of 
natural disasters in the world, posing severe threats to human beings and property (Salvadori et 
al. 2007). Studying high and extreme precipitation events are of importance not only in 
improving the understanding of the characteristics and changes of climatic and hydrologic 
extremes, but also for providing better adaptation and  mitigation advice to decision makers.   
At the very local scale, there is insufficient observational data (except exactly where there 
are long-term weather stations) to adequately understand the spatial and temporal variations in 
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extreme weather. Analyses of observed trends in heavy and extreme precipitation over the 
contiguous United States (e.g., Karl and Knight 1998; Kunkel et al. 1999a, 2003b; Kunkel 
2003a; Groisman et al. 2001, 2004, 2005; Gleason et al. 2008) have previously found an overall 
increasing trend in the frequency and/or intensity of extreme precipitation events in the last fifty 
years, or over one hundred years using larger spatial scales (over 100 km). Since extreme 
precipitation is usually highly localized in terms of time and space in contrast to extreme 
temperature, and can result in severe hazards (i.e., flood and high streamflow), it is necessary to 
downscale the extreme precipitation to smaller subregions within the U.S. to evaluate more 
details in precipitation events. 
Regional climate models (RCMs), as a dynamic downscaling method from global climate 
models (GCMs), have been used to capture mesoscale (a few to several hundred kilometers) 
details in climate studies since the late 1980s (Giorgi 2006). To date, however, precipitation is 
particularly difficult to determine accurately with these numerical models, primarily due to poor 
simulation skills in the warm-season convective precipitation (Giorgi 2006; Lowery and Yang 
2008). Total or mean precipitation is often erroneously modeled with large uncertainties, not to 
mention extreme precipitation simulations derived from total precipitation. At this point, most 
regional climate modeling studies have focused on total or mean precipitation and not on 
extreme precipitation events. Among the limited regional climate models studies on climatic 
extremes including precipitation, only one study (Kunkel et al. 2002) focused on a regional 
climate model RegCM2 performance in simulating historical heavy precipitation events in a 
relatively long term period (1979-1988) over the U.S. The authors defined heavy precipitation 
events based on duration and return period and used univariate Gumbel distribution to estimate 
the intensity threshold of each event, but did not analyze temporal variations of the precipitation 
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events primarily due to the ten–year simulation period being generally too short for climatic 
trend analysis.   
For other areas of the world from regional climate modeling studies, Frei et al. (2003) 
evaluated several regional climate models’ capabilities to simulate daily precipitation including 
90% quantile heavy precipitation events in the European Alps (1979-1993); Halenka et al. (2006) 
evaluated the ability of a regional climate model to capture extremes including precipitation 
events (1961-2000) over Czechoslovakia; Silva and Berbery (2006) used a regional climate 
model to simulate extreme rainfall events over a river basin in Brazil. Others studies have 
focused only on future changes in regional climatic extreme projections using RCMs, e.g., over 
North America (Bell et al. 2004; Leung et al. 2004; Diffenbaugh et al. 2005), East Asia (Gao et 
al. 2002), Europe (Jones and Reid 2001; Räisänen and Joelsson 2001; Booij 2002; Huntingford 
et al. 2003; Christensen and Christensen 2003, 2004; Pal et al. 2004; Sánchez et al. 2004; 
Ekstrom et al. 2005; Frei et al. 2006; Gao et al. 2006; Shkolnik et al. 2006; Beniston et al. 2007; 
Buonomo et al. 2007). Most of the simulations suggest an increasing trend in both the frequency 
and intensity of extreme precipitation in a warmer climate over many extratropical land areas of 
the globe; this is consistent with the statement in IPCC Fourth Assessment Report: “It is very 
likely that the frequency of heavy precipitation event has increased over most areas” (IPCC 
2007). 
This study is aimed at evaluating the capabilities of a state-of-the-art regional climate 
model in capturing long-term temporal variations (namely trends) in precipitation extremes (or 
high precipitation events) over the contiguous United States. The results of this study are 
important to improved understanding of variability of the precipitation totals and extremes events 
in the long term, in assessing long-term climate change impacts on water and waterborne 
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constituent cycling, and to further improving model prediction skills in precipitation. This study 
also has important implications for projections of total and extreme precipitation events in the 
future climate, and provides useful input to the use of regional climate models in assessing and 
projecting long-term variations of climatic and hydrologic extremes and hazards and to 
supporting mitigation strategies.  
 
The objectives of this work are: 
• Evaluation of spatial changes of total and high precipitation events over the 
contiguous U.S. 
- Understanding the spatial characteristics of the total and precipitation events. 
- Determining how well the regional climate model could capture the spatial 
changes of the total and precipitation events. 
• Evaluation of temporal (including seasonal) changes of total and high precipitation 
events over the contiguous U.S. 
- Understanding the temporal variations (trends) in the precipitation totals and 
events. 
- Determining how well the regional climate model captures the trends. 
- Because significant trends at the seasonal scale can be masked at the annual scale, 
trends at the seasonal scales are also examined in addition to the annual scale.  
• Evaluation of the total and high precipitation events in different subregions. 
- Understanding the characteristics and changes of total and high precipitation 
events in each area.  
- Determine how well the regional climate model could capture these precipitation 
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events. 
- Examination of the total and high precipitation events at different spatial scales 
and locations. 
 
Chapter 2 provides detailed descriptions of the observational data, model and analysis 
methods of this study, and introduces how to define and quantify the precipitation events. 
Chapter 3 describes the model evaluation of the total and high precipitation events at the 
interannual scale. Chapter 4 assesses the warm and cold season (half years) total and high 
precipitation events. This is followed by a case study of spatial scale effects on total and high 
precipitation events in Chapter 5. Chapter 6 presents conclusions, discussion and planned future 
work in the end.  
Two journal articles are being submitted to a major journal based on this research. One is 
an overall evaluation of the regional climate model downscaling skills in total precipitation and 
high precipitation events over the contiguous U.S. focusing on their interannual trends. The other 
is on modeling evaluations of seasonal trends in total and high precipitation events, in particular 
during the warm season, since the convective precipitation mostly occurred in warm season that 
tends to be produced erroneously by numerical weather and/or climate models (Giorgi 2006; 
Lowery and Yang 2008).    
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Chapter 2: Methodology 
 
This chapter provides a brief description of the observational data, numerical model and 
analysis techniques used in this study. The first section of this chapter discusses the 
observational dataset, and its source for this study. The second section describes the regional 
climate model used in this study and the experiment design. The third section introduces the 
definitions and quantifications of the extreme events, and analysis techniques. 
 
2.1. Observational Data  
The observational data used in this study are the observed daily precipitation from the 
long-term (1982-2008) rain gauge measurements of the 7235 stations in the U.S. National 
Weather Service Cooperative Observer Network. The data have been spatially gridded using the 
Synagraphic Mapping (SYMAP) interpolation routine, and adjusted to match the monthly mean 
precipitation from Parameter-elevation Regression on Independent Slopes Model (PRISM, Daly 
et al. 2008), for the high topographic regions of the United States. PRISM was designed using 
rules, decisions, and equations to incorporate the effects of topography on precipitation patterns. 
It is a practical method especially for the western contiguous U.S., e.g., the Rocky Mountains, 
where the cooperative stations are usually located at lower elevations. Because precipitation is 
highly sensitive to elevation, the spatial average of the cooperative observational sites has a 
tendency to underestimate the values of the true spatial average (Kunkel et al. 2002). The effects 
of topography on observed precipitation were also considered in the eastern contiguous U.S., 
e.g., the Appalachian Mountains, though the topographic the topographic variability is not as 
high as the western United States. Above all, the PRISM adjustment employed to the gridded 
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observed precipitation in order to reduce the biases from topographic effects on observation. The 
horizontal resolution of the dataset is 30-km by 30-km, following Liang et al. (2004), using an 
objective analysis to match the spatial resolution of the regional climate model CWRF. Missing 
values are filtered out in the analyses.  
 
2.2. Model Description and Experiment Design 
The Climate extension of the Weather Research and Forecasting model, or Regional 
Climate-Weather Research and Forecasting Model—CWRF version 3.1.1 is used in this study 
(Liang et al. 2012). CWRF is aimed at improving climate predictability by incorporating a 
number of physical processes in the model that are not usually considered in a mesoscale model 
including interactions between land-atmosphere-ocean, convection-microphysics and cloud-
aerosol-radiation, and system consistency throughout all process modules, with seven major 
drivers each controlling multiple alternative schemes representing the key physical processes of 
cloud, aerosol, radiation, surface, planetary boundary layer (PBL), cumulus and microphysics, as 
well as all the WRF functionalities for numerical weather prediction (Fig.2.1). The CWRF 
physics configuration used in this study is summarized in Table 2.1. Liang et al. (2012) 
demonstrates that the CWRF has greater capability in reproducing the observed geographic 
distributions and seasonal-interannual variations of precipitation, surface air temperature, surface 
shortwave radiation flux and soil moisture, than other regional models, e.g., WRF, WRFG and 
CMM5.  
The CWRF computation domain centered at (37.5˚N, 95.5˚W), covers the entire 
contiguous U.S. with 30-km horizontal grid spacing, and represents U.S. climate variations that 
result from interactions between the planetary circulation, and North American surface 
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processes. The buffer zones are located across the four domain edges, where varying lateral 
boundary conditions (LBCs) are specified throughout the entire integration period using a 
dynamic relaxation technique that integrates realistic energy and mass fluxes across the lateral 
boundaries of the regional climate model domain (Liang et al. 2001). There are 36 vertical levels 
with refined resolutions near the surface to improve PBL and convection representation, and 
around the melting altitude (~800-650 hPa) to better simulate the cloud microphysics processes. 
As a dynamic downscaling method, the CWRF can be driven from the relatively coarse-
resolution or large-scale forcing (as the inputs of initial, surface and lateral boundary conditions), 
for instance, from NCEP-DOE AMIP II reanalysis (R-2, Kanamitsu et al. 2002), ECMWF 
Interim Reanalysis (ERI, Uppala et al. 2008), or global climate models (GCMs). In this study, 
the time varying geographic distributions of sea surface temperature (SST) and vegetation 
characteristics are specified in the CWRF at a daily interval. The long-term continuous CWRF 
integration experiment is driven by the NCEP-DOE AMIP II reanalysis (R-2) for the period of 
January 1, 1982 to December 31, 2008 (3-hourly time step) over the contiguous United States, 
under the Lambert Conic Conformal Projection.  
 
2.3. Analysis Techniques 
The theory of probability in statistics is applied in this study to study the statistical 
characteristics of the precipitation events. As will be discussed in this section, several statistical 
methods are adopted for post-processing both the observed and the model simulated precipitation 
to evaluate the long-term changes in the total and precipitation events.    
 
2.3.1. Definition of terms 
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Several terms need to be defined. These are discussed in this section. 
Meehl et al. (2000) defined extremes as those events corresponding to the “tails” of a 
frequency distribution, while frequency is defined as the following equation (Eq. 2.1).   
 
 !"#$%#&'( = !/!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!                                                     !!!!!!!!!!!!!!!!!!!!!!!!! 2.1  
 
where n is the number of occurrence days of the event, and N is the total number of days in the 
record for the daily event. The “tails” of frequency distribution represent the low-probability 
events that rarely happen, so that they can be defined as extreme events, and the extreme events 
can be quantified using probability theory. Among climatic variables, temperature has a bell-
shaped frequency distribution with two tails representing extremely cold and hot records. Daily 
precipitation extremes are much more complicated to study, because the frequency distribution 
of precipitation is not continuous and has a natural cut-off at zero; special caution should be 
taken when analyzing the probability of precipitation. The probability distribution function 
(PDF) of daily precipitation is usually positively skewed, i.e., non-normally distributed. There 
exists no single empirical frequency distribution that can fit all geographical regions of 
precipitation, as the frequency distribution of daily precipitation are highly variable and 
localized.  
 
Alternatively, !"#$%#&'( = 1/!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!! 2.2  
 
where T is the return period of the event (unit: days), or the recurrence interval, an estimate of 
the interval of time between occurrences.  
10 
 
There does not exist a unanimous definition for climate extremes. The various definitions 
of climate extremes used in the literature include absolute threshold values (e.g., 25mm, 50mm), 
relative quantile thresholds (e.g., 90th percentile of the frequency distribution), return periods or 
recurrence intervals (e.g., 1-yr, 5-yr, 20-yr, 100-yr), impacts (e.g., economic loss, human health), 
indices (e.g., Extreme Precipitation Index (EPI, see Kunkel et al. 2003b), and Climate Extreme 
Index (CEI, see Gleason et al. 2008)). Among these, the percentile (quantile) based definition is 
the most widely used (e.g., in US SWCS 2003; IPCC 2007; et al.), and it is employed in this 
study. The concept of percentile differs from frequency of occurrence as in eq. (2.1) and (2.2), in 
that percentile deals with total wet days or rainy days rather than total days including non-rainy 
days in the record:  
 
   percentile = n/N!"#!!!!!!!!!!!!!!!!!!!!!!!                                              !!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!! 2.3 !
 
where n is the number of occurrence days of the event, and !!"#!is the total number of wet days 
(or rainy days) in the record.  
Then frequency of occurrence or return period can easily be related to percentile: 
 
 !"#$%#&'( = !!"#/! ∗ !"#$"%&'("!!!!!!!!!!!!!!!!!!!!!!!!                                  !!!!!!!!!!!!!!!!!!!!!! 2.4  
 
Generally speaking, the more intense the event, the fewer samples available, and the 
more difficult it is to examine the event. Therefore, analyses of extremes usually focus more on 
moderately extreme events (IPCC 2007). In this study, a precipitation event is defined for a 
given location and time period (or a season) as “very wet” when it falls into the upper 5% of all 
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precipitation events (above 95th percentile); as “wet” when it falls into the upper 15% of all 
events (above 85th percentile); as “moderate wet” when it falls into the upper 25% of all events 
(above 75th percentile). All the three categories of precipitation events (75th, 85th, 95th 
percentiles) are named as “high precipitation events”.  
The number of wet days (or rainy days), precipitation intensity (precipitation amount per 
wet day), and the high precipitation events, all depend on the chosen wet-day precipitation 
threshold. Consequently a wet-day (rainy day) threshold must be carefully defined before 
analyzing the precipitation events. Various thresholds have been used to define a wet day in the 
literature, for example, all nonzero values (Groisman et al. 1999; Husak et al. 2007), 0.0017 
mm/d (Watterson and Dix 2003), 0.1 mm/d (Gao et al. 2006; Halenka et al. 2006; Nastos and 
Zerefos 2007, 2008; Grimm and Tedeschi 2009), 0.25 mm/d (Sharratt et al. 2001; Wilby and 
Wigley 2002; Liang et al. 2006), 1.0 mm/d (Tarhule and Woo 1998; Gao et al. 2002; Frei et al. 
2003; Klein Tank and Konnen 2003;  Brunetti et al. 2004; Groisman et al. 1999, 2005; Silva et 
al. 2007; Higgins et al. 2007, 2008; Becker et al. 2009; Bodini et al. 2010), 2.0 mm/d (Zwiers 
and Kharin 1998), and 5.0 mm/d (Anderson et al. 2010). In this study, a wet-day (rainy day) is 
defined as a day with precipitation strength equal or greater than 1.0 mm/d. This threshold is 
widely used and, it makes the evaluation less sensitive to the measurement reporting error in than 
a smaller threshold. The measurement of precipitation in U.S. cooperative network with the same 
8-in. gauges treats all non-recording rain gauges with an observation accuracy of 0.01 inch 
(0.254 mm) during the past 100 years (Groisman and Knight 2008). Therefore, 1.0 mm/d is a 
threshold safe enough to perform the analyses of high precipitation events. (However, analyses 
of dry episodes are not suitable using this strategy; they are often carried out adopting Palmer 
Drought Severity Index (PDSI) instead, which is beyond the scope of this study.) On the other 
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hand, higher wet-day threshold may be preferable in part due to many numerical weather and 
climate models tend to produce excessive occurrence of very weak precipitation as well, even 
though the total precipitation amount is reasonable (Frei et al. 2003). 
 
2.3.2. Trend analysis 
Regression analysis is applied in this study to reveal the temporal changes, or trends, in 
both observed and simulated total precipitation and the high precipitation events (75th, 85th, 
95th percentiles) using the Kendall’s tau based slope estimator (Theil-Sen regression), a 
powerful alternative to the Pearson’s simple least squares linear regression (e.g., Groisman et al. 
2001, 2004, 2005; Brunetti et al. 2004). The Kendall’s tau statistic is chosen here because it is 
less sensitive to the distribution of the data (especially when the sample size is not very large), 
and is less affected by outliers in the series compared with the least squares method. This 
nonparametric method is based on the count of pairs of data values in the time series for which 
the difference is either positive or negative (running forward in time), instead of the magnitude 
of the difference as in the least squares regression. Therefore it helps minimize the influence of 
very high/low values (outliers) of the data, and has been widely used in trend analysis of climatic 
extreme events of non-normal distributions (e.g., Karl and Knight 1998; Kunkel et al. 1999a; 
Alexander et al. 2006; Qian et al. 2010). Zhang et al. (2004) have compared the performance of 
several methods in detecting climatic extremes using Monte Carlo simulations, and found that 
for non-normally distributed data, Kendall’s tau test is more powerful than the least squares 
regression.  
A brief description is provided of the method used in this study to estimate the slope b of 
trend of the data (Y1, Y2, …, Yn) under the time series (t1, t2,…,tn), and t1 ≤ t2 ≤ · · · ≤ tn  that are 
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not all equal. Let  
 ! = !"#!(!! − !!)!!!!!!!                                                                                           (2.5) 
 
where 
!"#(!! − !!) = 1, !!!!!!!!! > !!0, !!!!!!!!!! = !!−1, !!!!!!! < !!                                                                                       (2.6) 
 
Among all pairs of (!! − !!), 1 ≤ i ≤ j ≤ n, only N values are nonzero. Now consider the set R of 
N distinct pairs (i, j) for which  !! > !!, and define 
 
Xij = (!! − !!) / (!! − !!),    (i, j)!! R                                                                             (2.7) 
 
Then arrange the N values in eq.(2.7) in ascending order of magnitude and denote the kth 
smallest value by Xk (k = 1, 2, . . . , N). Thus the estimator of slope b based on Kendall’s rank 
correlation is given by 
 
! = !(!!!)/!!!!!!!!!!!!!!!!!!!!!!!!!!!"! !!"!!"",(!!/! + !!/!!!)/2!!!!!!!!!!"! !!"!!"!#.                                                                (2.8) 
 
The slope estimate is the median of the slopes calculated from all joining pairs of points in the 
time series, based on Kendall’s rank correlation and first proposed by Sen (1968).  
Then the magnitude of the trend in terms of the percent per decade over the time period 
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(t1, t2,…,tn) relative to the period average, can be calculated from the slope b and the time period 
average ! : 
 !"#$% = !/! ∗ 10 ∗ 100!!!!(!"#$:%!!"#!10!!"#)!!!!!!!!!!!!!!!!!!!!!!!!               !!!!!!!!!!!!!!!!!!!!!! 2.9  
 
Consistently the Mann-Kendall test (Mann 1945; Kendall 1955) (MK test for short 
hereafter), a rank-based nonparametric test for randomness against trend, is applied to evaluate 
the statistical significance of the trends in both the observed and simulated precipitation totals 
and extreme events. The null hypothesis of randomness H0 of the MK test is that the data (Y1, 
Y2, …, Yn) are a sample of n independent and identically distributed random variables. The MK 
test statistic S is defined as 
 ! = !"#(!! − !!)!!!!!!!!!!!!                                                                                   (2.10) 
 
where 
!"#(!! − !!) = 1, !!!!!!!! > !!0, !!!!!!!!!! = !!−1, !!!!!!! < !!                                                                                  (2.11) 
 
Mann (1945) and Kendall (1975) have documented that when n ≥ 8, the statistic S is 
approximately normally distributed. Under H0, the mean of S is zero and, in case of no ties (e.g., 
no multiple values for the same sampling time period), the variance of S is given by 
 !!! = ! ! − 1 2! + 5 /18!!                                                                                      (2.12) 
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A two-sided test for trend is then performed by comparing another statistic Z: 
 
! = !!!(! − 1)/!!,!!!!!!!!!!!!!!!!!!! > 0!!!!!!!!0,!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!! = 0!!! ! + 1 /!!,!!!!!!!!!!!!!!!!!!! < 0                                                                              (2.13)   
 
with the critical value !!/!!, where FN (!!/!) = α/2, FN being the standard normal cumulative 
distribution function (CDF) and α being the significance level for the test (Hirsch et al. 1982). 
The H0 should be accepted if |Z| ≤ !!/!!. A positive value of Z indicates an increasing trend, 
while a negative one represents a decreasing trend. In this study at the 95% confidence level, the 
null hypothesis H0 of no trend is accepted if |Z| ≤ 1.96; while H0 is rejected when |Z| >1.96.  
A similar procedure of trend analysis of climate and climatic extremes has been applied 
in several other studies (e.g., Zhai et al. 2005; Alexander et al. 2006; Vincent and Mekis, 2006; 
Wang et al. 2008; Qian et al. 2010). An advantage of the Kendall’s tau over the Spearman’s rho 
rank correlation is that the score function S nearly normally distributed for small data size n (data 
is short) and the distribution of S is easier to work with (Valz and Thompson 1994).  
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2.4. Figures and Tables 
 
Figure 2.1. The schematic of the CWRF physics options and executing sequence from the top 
down. The CAR ensemble system and all modules or schemes outlined in yellow are additions 
specifically developed for CWRF, while others are inherited from WRF. (Liang et al. 2012) 
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Table 2.1. Summary of the physics configuration in the regional climate model CWRF 
experiment design.  
 
Ph
ys
ic
s  
C
on
fig
ur
at
io
n 
Cloud XRL (Xu-Randall-Liang cloud cover parameterization,  Xu and Randall 1996, Liang et al. 2004) 
Aerosol MISR (Multi-angle Imaging SpectroRadiometer, Kahn et al. 2005, 2007, Zhao et al. 2009) 
Radiation GSFC (NASA Goddard Space Flight Center, Chou and Suarez 1999) as implemented by Liang 
Surface CSSP (Conjunctive Surface-Subsurface Process Model, Choi and Liang 2010) 
PBL 
CAM (NCAR Community Atmosphere Model, Holtslag and 
Boville 1993) + ORO (Module for orographic turbulence 
stress and gravity-wave drag, Rontu 2006, Liang et al. 2006) 
Deep Cu 
ECP ( Ensemble Cumulus Parameterization modified from 
G3, 
 Grell and Dvénéyi 2002) 
Shallow Cu UW (University of Washington, Park and Bretherton 2009) 
Microphysics  GSFCGCE (Goddard Cumulus Ensemble Model, Tao et al. 2003) 
Ocean/lake Multilevel models 
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Chapter 3: Evaluation of Interannual Variations of Total and High Precipitation  
 
This Chapter describes the research to evaluate the regional climate model’s capability in 
capturing long-term temporal variations (namely trends) in precipitation extremes (or high 
precipitation events) over the contiguous United States. This study also has important 
implications in the use and interpretation of such regional models in projections of total and 
extreme precipitation events in the future climate, and it provides useful input to assessing and 
predicting long-term variations of climatic and hydrologic extremes and hazards and to support 
mitigation strategies. The spatial changes of the annual total and high precipitation events over 
the contiguous U.S. are presented in section 1, following by their temporal changes at the 
interannual scale in section 2. Then section 3 provides the examination of regional interannual 
variations of the total and high precipitation events in the five target subregions (see Fig. 3.1). 
Section 4 is the summary of this chapter.  
 
3.1. Spatial variations of precipitation totals and high precipitation events 
To evaluate the spatial changes of precipitation totals (in terms of 1982-2008 annual 
mean total precipitation amount, number of rainy days, and intensity defined as mean 
precipitation amount per rainy day) from the CWRF model over the entire contiguous U.S., the 
comparisons of spatial distributions of observed and simulated precipitation totals are shown in 
Figs. 3.2-3.4, respectively. As shown in Fig. 3.2, in the time period of 1982-2008, annual mean 
total precipitation was distributed with higher value (above 1000 mm) in most parts of the 
eastern half of contiguous U.S., and lower value (below 500 mm) in many parts of the western 
half of U.S. but peak value (2000-2500 mm) over the northwestern small coastal areas in 
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Washington, Oregon, and northern California. The CWRF captured these features in the 
observed annual mean total precipitation (1982-2008), with a great improvement over the Rocky 
Mountains compared to other numerical models (Liang et al. 2004). The model simulated the 
magnitude of annual total precipitation well particularly in the west and the northern regions of 
the United States. Although the CWRF underestimated the magnitude over the Appalachian 
Mountains and overestimated it at small areas along the northwestern coast, the southern Gulf 
coast and in Florida, the differences between model and observation over most areas were not 
statistically significant at the 95% confidence level.  
The annual averaged number of rainy days (>1.0 mm) in the 27-yr period had a similar 
spatial variation as the total precipitation amount in Fig. 3.2: higher number of precipitated days 
(more than 100 days) in the eastern half of U.S. and lower days (below 100 days) in the western 
half (see Fig. 3.2). This pattern was illustrated by the CWRF simulation, but the 100-day contour 
line dividing the western and eastern half shifted in direction of east spanning from Iowa and 
Kansas to Illinois and Missouri. Overall the model tended to produce insufficient occurrence of 
rainy days with similar total precipitation amount to the observation in most parts of the U.S. 
Consequently, intensity, calculated from total precipitation amount divided by the number of 
rainy days, was simulated at a higher magnitude particularly along the Pacific west coastal areas 
and Gulf coasts (Fig. 3.4). Unlike the spatial variations in Figs. 3.2 and 3.3, annual mean 
intensity of daily precipitation was distributed more uniformly due to the range of its magnitude 
is much smaller than of the annual total amount and number of rainy days. Although intensity is 
more difficult to simulate by numerical models than total precipitation amount because it adds 
bias from both the total precipitation amount and number of rainy days, the differences between 
model and observations over most areas were not significant at the 95% confidence level 
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(illustrated in Fig. 3.4).  
Similar to precipitation totals (shown as above), spatial variations of the high daily 
precipitation events (75th, 85th, and 95th percentiles) are estimated from the 1982-2008 annual 
averages of each event in terms of both occurrence and intensity. In Fig. 3.5, the spatial 
distribution of annual averaged number of occurrences of the 75th percentile precipitation events 
were distributed more localized (less uniformly) than the annual mean number of occurrences of 
total precipitation events (total rainy days in Fig. 3.3) in both west and east of U.S. The model 
had better performance on the western U.S. even on the Rocky Mountains areas where 
precipitation is usually poorly simulated, and captured the peak values (above 40 per year) over 
the northwestern area. While the CWRF underestimated most regions in the eastern half of the 
U.S. expect for the Gulf southern coastal areas and Florida along with the coastal parts of North 
Carolina, South Carolina and Georgia. Similar characteristics and model performances of spatial 
variations are also found from annually-averaged occurrence of 85th and 95th percentiles events 
(see Figs. A.3 and A.6 in Appendix A). All the number of occurrence of the high precipitation 
events were consistently distributed with each other and also with the number of total rainy days.  
Fig. 3.6 shows spatial variations in the annual mean intensity of the 75th daily 
precipitation events relative to the total precipitation amount. This percentage is more evenly 
distributed than that of the annual occurrences of the events in Fig. 3.5 because the relative 
intensity spanned a much smaller range of magnitude than the occurrence number. However it 
also displays the spatial patterns of lower values (below 50%) over most areas in the western half 
and higher values (above 55%) in the eastern half U.S. in both the observed and simulated 
events. The CWRF tended to overestimate the relative intensity in some areas (e.g., the Rocky 
Mountains, Great Plains, Gulf coastal areas and eastern coastal lines), but the differences 
21 
 
between model and observations were small. In comparison to Fig. 3.4, the intensity of the high 
precipitation events were also more localized than the intensity of total precipitation, which was 
often more uniformly distributed. Similar findings were noticed in the 85th and 95th percentile 
events (see Figs. A.4 and A.7 in Appendix A). Over the period 1982-2008, the high precipitation 
events were highly localized overall in terms of both occurrence and intensity in contrast to 
precipitation totals, and all the events were spatial distributed consistently (but not linearly 
proportional) with each other.  
 
3.2. Temporal variations (trends) of total and high precipitation events 
The regional climate model evaluations of temporal variations (1982-2008) of 
precipitation totals and high precipitation events over the contiguous U.S. are presented in Figs. 
3.7 through 3.11. Though the observed trend of heavy and/or high precipitation events have 
increased in many parts of the U.S. since the 1950, as seen from previous studies based on 
historical measurements that were usually not continuously distributed, it is still unclear how the 
precipitation events change are sensitive to the time period chosen, such as the 1982-2008 
analyzed here.  
Fig. 3.7 shows spatial distributed trends of annual total precipitation amount from the 
observations (upper) and from CWRF (lower), with gray hatching indicating trends are 
statistically significant above the 95% confidence interval. Total precipitation decreased more 
than 5% per decade over the period 1982-2008 relative to the 27-yr mean over large areas of the 
contiguous U.S. including most Midwest states, Gulf and south states, and Rocky Mountains. 
Overall there were little significant increasing trends (above the 95% confidence level) of annual 
total precipitation at a large spatial scale. The CWRF simulated the trend of total precipitation at 
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lower magnitude, even opposite temporal changes appearing in the southeastern states in 
comparison to the observed trend.  The model captured the trend well over large areas of Pacific 
west coastal areas and Midwest, some parts of Rocky Mountains, Great Plains, parts of eastern 
coasts and Gulf southern regions. The annual number of total rainy days (or total daily 
precipitation events) decreased highly (over 5% per decade) over more areas than that of annual 
total precipitation amount (Fig. 3.8). The regional climate model also captures the decreasing 
trend of rainy days over most areas, but not the decreasing trend in the southeastern U.S. in Fig. 
3.8. The overall simulated trend of annual number of rainy days decreased less than that 
observed, similar with the model’s performance on the trend of annual total precipitation 
illustrated in Fig. 3.7. However in Fig. 3.9, the trend of annual intensity (defined as mean 
precipitation amount per rainy day) changed more locally over the contiguous U.S., varying from 
increasing trend to no trend overall. Since intensity was calculated from total precipitation 
amount divided by its total number of rainy days, and trends of both total precipitation and rainy 
days decreased overall while intensity had an increasing trend in many areas, the trend of number 
of rainy days declined more than that of total precipitation in these areas. Therefore, from Figs. 
3.7 to 3.9, during 1982-2008, precipitation tended to occur less frequently with increased 
intensity of total daily events over most parts of the U.S., while the CWRF tended to estimate the 
trends of the precipitation totals (in terms of total amount, number of rainy days, and intensity) 
changing less severely overall, and captures the directions (both upward and downward) of these 
trends over most areas of the U.S.     
The trends of high daily precipitation events (e.g., 75th, 85th, and 95th percentiles) varied 
nonlinearly with each other and with the precipitation totals. The trends of 75th percentile events 
were distributed more close to the total daily events in Figs. 3.8-3.9, because the 75th percentile 
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events are the least extremes of the three categories of high precipitation events. However the 
more intense the events, the larger the area of increasing trends there are for both frequency and 
intensity. For instance, Fig. 3.10 shows the trends in occurrences of the heavy daily precipitation 
events (95th percentile) changed quite different (even opposite) from the total precipitation: for 
1982-2008 there were many areas of upward trends over the contiguous U.S. The model also 
simulated these increasing trends of occurrences less intensely overall (in Fig. 3.10). In Fig. 3.11, 
the trends of relative intensity contribution to the total precipitation from the 95th percentile 
heavy events were distributed even more heteogeneously (less uniformly) over the entire 
contiguous U.S. Figs. 3.10 and 3.11 illustrate that the heavy events (95th percentile) increased in 
many places over the contiguous U.S. in terms of both occurrence and intensity, although the 
total precipitation amount and total number of rainy days decreased in most areas (Figs. 3.2 and 
3.3). Similar results can be found from the 85th percentile daily events (see Figs. A.10 and A.11 
in Appendix A).  
 
3.3. Downscaling to target subregions 
In order to further evaluate the variations (trends) of total and high precipitation events 
quantitatively, five subregions within the contiguous U.S. are identified: the West Coast (WC), 
the Central Great Plains (CGP), the Northeast (NE), the Gulf-South (GS), and the Midwest 
(MW) as shown in Fig. 3.1. The GS and MW subregions are generally low-elevated, whereas the 
WC, CGP, and NE are generally high-elevated. The regional precipitation is calculated by 
averaging the 30 km x 30 km horizontally gridded data and model outputs for each subregion. In 
this study, the sizes of the different subregions are chosen to be close to each other, to make the 
evaluations of total and high precipitation events at different locations under comparable spatial 
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scales.  
Table 3.1 summarizes the trends and mean values of area-averaged precipitation totals (in 
terms of total precipitation, number of rainy days, and intensity as in above sections) for each of 
the five subregions during 1982-2008. In contrast to temperature, precipitation is very sensitive 
to elevation and is more heterogeneously distributed. The CWRF performed differently in the 
various subregions: it underestimates the total precipitation in MW and GS, have lower altitudes, 
while it overestimates in the higher-elevated areas (NE, CGP and WC). The model also captures 
the decreasing trend (declined 1-2% per decade) over MW and GS, and the increasing trend (2% 
per decade) over NE in the total precipitation. Total number of rainy days was underestimated in 
all the subregions by the CWRF, but the model simulated the decreased trends in number of 
rainy days with different magnitudes over all of the subregions except for CGP. Consequently 
the CWRF overestimates the total intensity over all of the areas, and simulates the increasing 
trend for each region at a lower magnitude overall. Table 3.1 also shows that the annual total 
precipitation amount varied at different signs (either increasing or decreasing) over the 
subregions, yet all the areas precipitated less frequently with higher intensity. The CWRF can 
capture these features well in most cases expect in the CGP and WC that have higher elevations 
than the eastern U.S.     
Accordingly statistics of the area-averaged high precipitation events (75th, 85th and 95th 
percentiles) and their trends for the subregions during the same period are summarized in Tables 
3.2 to 3.4, respectively. The CWRF overestimated the area-averaged threshold of each event 
over the various subregions except GS, which had almost the same values of thresholds between 
model and observation for each of the 75th and 85th percentiles events. Consistently the model 
underestimates the number of occurrences of each event in general, and overestimates the 
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intensity or magnitude contribution to total precipitation amount from each event. In trend 
analysis of the area-averaged high precipitation events in terms of the occurrence, opposite 
directions (upward and downward) of the trends presented over different subregions in both the 
75th and 85th percentiles events: downward in MW, GS and WC while upward in NE and CGP 
(Tables 3.2-3.3). Moreover the area-averaged heavy precipitation events (95th percentile) in each 
subregion increased, with higher increases (above 8% per decade) in the NE, CGP and WC 
subregions (Table 3.4) even though the total number of rainy days decreased over all the 
subregions (in Table 3.1). Similar to total intensity, the trend of intensity contribution to total 
precipitation from each event also increased, particularly over the NE, CGP and WC subregions. 
In all, though there was less frequent precipitation during the 1982-2008 period in all of the 
subregions, precipitation tended to occur more intensively with more heavy and/or extreme 
events in the 27 year period, particularly in higher elevated areas (e.g., NE, CGP, and WC).  The 
regional climate model captured all the area-averaged trends of occurrence of the 75th percentile 
events, but hard to simulate the trends in more intense events (e.g., 85th, and 95th percentiles) due 
to the more intense the events, the less samples available for trend analysis. Generally, the longer 
the time period of analysis, the better the simulation of trends of the more intense precipitation 
events (e.g., 85th, 95th percentiles) from the CWRF.       
  In addition, the magnitude of total precipitation was simulated less well in the higher-
elevated subregions (e.g., WC) than at the lower altitudes subregions. However the number of 
occurrences of the high precipitation events (75th, 85th, and 95th percentiles) over WC during 
1982-2008 is simulated well by the CWRF (see Fig. 3.12); the total number of rainy days, from 
which the occurrence of each high event was derived, was simulated well by the CWRF (in 
Table 3.1). The simulation results also reflect that total precipitation changes are not necessarily 
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linearly proportional to high precipitation events or extremes, and the simulation skills can be 
quite different in total and extreme precipitation.  
 
3.4. Summary and Discussion 
In this chapter, we found that spatial variations of the annual means of the precipitation 
totals and high events were generally distributed related to the spatial distribution of topography 
over the contiguous U.S. The CWRF captured the main features of the higher magnitude in 
precipitation totals and the high precipitation events over the eastern half and the lower over the 
western half of the contiguous U.S. Major improvements in simulation of precipitation was 
found over mountainous areas (e.g., Rocky Mountains) compared to prior studies (Liang et al. 
2004). For both model and observations, the spatial patterns of the high precipitation events (in 
terms of occurrence and intensity) are consistent but not linearly proportional to precipitation 
totals; at the same spatial scale, the high precipitation events are distributed more 
heterogeneously (less uniformly) than the precipitation totals. This indicates that simulation of 
precipitation extremes has more difficulties than simulation of total precipitation, consistently 
with the statements in the Introduction.     
Second, the observed and model simulated trends of the total and high precipitation 
events over the contiguous U.S. were not distributed consistently with the spatial distribution of 
topography. Overall in the contiguous U.S., during this 27-yr time period there have been 
statistically significant decreasing trends (above the 95% confidence level) in annual total 
precipitation and total number of rainy days from the observations, and these downward trends 
simulated by the CWRF were not as extreme as the observed ones. Furthermore there also have 
been significant increasing trends (above the 95% confidence level) observed in total intensity 
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and heavy precipitation events (95th percentile) in terms of both occurrence and intensity, and 
these upward trends simulated by model were not as extreme as the observed ones. Trends of the 
75th and 85th percentile events in terms of either occurrence or intensity were not as significant 
(at the 95% confidence level) as trends of the 95th percentile events from both observations and 
the CWRF, indicating that the more intense the event, the more significant (above the 95% 
confidence level) trends (in both directions: upward and downward) in terms of occurrence and 
intensity are observed and simulated overall in the contiguous U.S. In general, the 27-yr annual 
precipitation tended to be observed less frequently with increasing intensity over the contiguous 
U.S., indicating that more severe events tended to occur during this period, consistently with 
trends observed in the 95th percentile heavy precipitation events in terms of occurrence and 
intensity. The CWRF tended to underestimate the trends of total and high precipitation events 
relative to the trends in observations (in both upward and downward directions) over the 
contiguous U.S. during 1982-2008.    
Third, for both observations and the CWRF, the long-term interannual variations (1982-
2008) of total and high precipitation events produced different characteristics over the different 
subregions (see Fig. 3.1) within the contiguous U.S. Observations, show that the annual total 
precipitation decreased in the Midwest (MW), Gulf-South (GS) and West Coast (WC) 
subregions but increased in the Northeast (NE), with almost no change in the Central Great 
Plains (CGP) subregion. All subregions gave downward trends in total number of rainy days and 
upward trends in total intensity. The CWRF captured most observed the regional trends in 
precipitation totals (e.g., annual total precipitation, number of rainy days, and intensity). Similar 
findings of regional trends from observations and the model were found from the high 
precipitation events (75th, and 85th percentiles) over all the subregions. However, regionally the 
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heavy precipitation events (95th percentile) changed disproportionally to the 75th and 85th 
percentile events and to the precipitation totals from both observations and the model. For 
instance, in the subregions of MW, GS, and WC, downward regional trends were observed in the 
75th, 85th percentiles and total precipitation but upward regional trends were found in the 95th 
percentile heavy precipitation events. Eventually the upward regional trends in the 95th percentile 
heavy precipitation events in terms of both occurrence and intensity relative to total precipitation 
were observed in all the five subregions, but with different magnitudes, e.g., higher magnitudes 
(greater than 8% per decade) of regional trends were observed in the NE, CGP and WC 
subregions where have relative higher elevations comparing to the MW and GS subregions. The 
model captured the increasing trends in the 95th heavy precipitation events over most of the 
subregions but less intensely than the observed ones. Above all, precipitation was observed to 
occur less frequently annually but more intensively with more heavy events (95th percentile) in 
terms of occurrence and relative intensity in the past 27 years, particularly in the higher-elevated 
subregions (e.g., NE, CGP, and WC). The CWRF performed differently in the different 
subregions and captured the regional trends of total and high precipitation events favorably in the 
eastern lower-elevated subregions (e.g., MW and GS).     
Even though the values of precipitation totals and high precipitation events can be 
simulated well by climate models, trends in precipitation often cannot be captured accurately, 
perhaps partly due to the limited time period for examined from both model and observations. 
Trend analysis is highly sensitive to the time period chosen because the more intense the event, 
the smaller size of samples available for trend analysis. For more extreme events (e.g., 95th, 99th, 
99.7th percentile), a longer time period is needed for trend analyses. Usually the longer period, 
the better produced are the trends in total and high precipitation events from model simulation 
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(favorably with that derived from observations) that would be anticipated (which was also 
illustrated from a comparison test of trends in different time periods).  
30
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Figure 3.1. Model computational domain and boundaries of the target study subregions: West 
Coast (WC), Central Great Plains (CGP), Northeast (NE), Gulf-South (GS), and Midwest (MW) 
for further analyses of the regional precipitation totals and high precipitation events.  
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Figure 3.2. Spatial distribution of annual mean total precipitation (unit: mm) during 1982-2008 
for (i) observations and (ii) model. (iii) The difference between model and observations, and 
areas where the difference is statistically significant above the 95% confidence level are 
indicated with gray hatching. 
  
 
 
(i)
0
500
1000
1500
2000
2500
 
 
(ii)
0
500
1000
1500
2000
2500
 
 
(iii)
-100
-50
0
50
100
36 
 
 
Figure 3.3. Spatial distribution of annual mean number of rainy days during 1982-2008 for (i) 
observations and (ii) model. (iii) The difference between model and observations, and areas 
where the difference is statistically significant above the 95% confidence level are indicated with 
gray hatching. 
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Figure 3.4. Spatial distribution of annual mean intensity (mean precipitation amount per rainy 
day, unit: mm/day) during 1982-2008 for (i) observations and (ii) model. (iii) The difference 
between model and observations, and areas where the difference is statistically significant above 
the 95% confidence level are indicated with gray hatching. 
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Figure 3.5. Spatial distribution of annual mean occurrence number of the high precipitation 
events (75th percentile) during 1982-2008 for (i) observations and (ii) model. (iii) The difference 
between model and observations, and areas where the difference is statistically significant above 
the 95% confidence level are indicated with gray hatching. 
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Figure 3.6. Spatial distribution of annual mean intensity of the high precipitation events (75th 
percentile) contribution to total precipitation (unit: %) during 1982-2008 for (i) observations and 
(ii) model.  
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Figure 3.7. Spatial distribution of trends (unit: % per decade) of annual total precipitation during 
1982-2008 for (i) observations and (ii) model. Areas where trends are statistically significant 
above the 95% confidence level are indicated with gray hatching. 
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Figure 3.8. Spatial distribution of trends (unit: % per decade) of annual number of rainy days 
during 1982-2008 for (i) observations and (ii) model. Areas where trends are statistically 
significant above the 95% confidence level are indicated with gray hatching. 
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Figure 3.9. Spatial distribution of trends (unit: % per decade) of annual intensity (mean 
precipitation amount per rainy day) during 1982-2008 for (i) observations and (ii) model. Areas 
where trends are statistically significant above the 95% confidence level are indicated with gray 
hatching. 
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Figure 3.10. Spatial distribution of trends (unit: % per decade) of annual occurrence number of 
the high precipitation events (95th percentile) during 1982-2008 for (i) observations and (ii) 
model. Areas where trends are statistically significant above the 95% confidence level are 
indicated with gray hatching. 
  
 
 
(i)
-5
-4
-3
-2
-1
0
1
2
3
4
5
 
 
(ii)
-5
-4
-3
-2
-1
0
1
2
3
4
5
44 
 
 
Figure 3.11. Spatial distribution of trends (unit: % per decade) of annual intensity of the high 
precipitation events (95th percentile) contribution to total precipitation during 1982-2008 for (i) 
observations and (ii) model. Areas where trends are statistically significant above the 95% 
confidence level are indicated with gray hatching. 
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Figure 3.12. Time series of West Coast (WC) area-averaged annual occurrence number of the 
high precipitation events (75th, 85th, 95th percentiles), along with linear fitting. The solid (dashed) 
lines represent model (observations), respectively.  
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Chapter 4: Evaluation of Warm and Cold Seasons (Half Years) Changes in Total and High 
Precipitation 
 
This chapter provides a comprehensive analysis of regional climate model’s capability in 
capturing variations in the total and high precipitation events in warm and cold seasons (half 
years) over the contiguous United States. Section 1 gives a brief introduction of the seasonal 
division method. The temporal changes (or trends) of the total and high precipitation events over 
the contiguous U.S. at the half-year scale are presented in section 2, followed by subregional 
variations within the five target areas (also see Fig. 3.1) in section 3. Section 4 summarizes the 
findings of this chapter.  
 
4.1. Introduction 
There have been numerous studies on annual trends in heavy or extreme precipitation 
events based only on historical observational data. Nevertheless, significant trends at the 
seasonal scale may be disguised under the annual trends in heavy or extreme precipitation events 
(Groisman et al. 2005). Therefore, it is of scientific importance to analyze trends at the seasonal 
scale as well. The difficulties lie in that, as stated in the previous chapters, the more intense the 
events, the fewer samples available for extreme events analysis (e.g., trend analysis). On the 
other hand, for the same time period analyzed, the trend in extreme or high precipitation events 
at the seasonal scale is more difficult to analyze than at the annual scale due to sampling issues.  
Evaluating the extreme and high precipitation events on a seasonal basis means that there is only 
roughly one fourth (for one season) of the total time window for sampling the annual extreme 
and high precipitation events. Seasonal trends have generally been analyzed less in past studies 
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than annual trends in extreme events due to sampling concerns for seasonal analysis. Available 
four-seasonal trend analyses of precipitation extreme and heavy events have been conducted for 
longer time periods than that analyzed here, typically for at least 50 years, and even 100 years 
(e.g., Groisman et al. 2005).  
Because in this study, the model-simulated period is only 27 years long from 1982 to 
2008, there is insufficient observational data for traditional four seasonal trend analyses of the 
high precipitation events. Therefore, all the 27-yr (1982-2008) precipitation are divided into 
warm (wet) season (March to August) and cold (dry) season (September to February), in order to 
have more samples in each season. This two-seasonal analysis has been used in the literature. For 
example, Zhai et al. (2005) used a similar method of analysis of the observed precipitation trends 
in warm and cold half- years in China, which is located at similar latitudes on the contiguous 
United States, and argued that using the traditional four-season analysis would break up the 
natural rainy seasons and consequently compromise the trend analysis of precipitation.  
 
4.2. Temporal variations (trends) of the two seasonal (warm and cold half years) total and 
high precipitation 
The regional climate model evaluations of interseasonal trends in precipitation totals (in 
terms of total precipitation amount, number of rainy days or wet-days, and intensity) over the 
contiguous U.S. are presented in Figs. 4.1-4.3 for the 1982-2008 warm season (spring and 
summer from March to August). Fig. 4.1 shows the spatial distribution of the trends in the warm-
season total precipitation amounts from observations (upper) and the CWRF simulations (lower) 
over the contiguous U.S., with gray hatching indicating regions where trends are statistically 
significant above the 95% confidence level. The observed total precipitation in the warm season 
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decreased, by more than 5% per decade, for the 1982-2008 period over large areas of the western 
half of the contiguous U.S. The CWRF model successfully captured the decreasing trend of the 
total precipitation in the Northwest and the eastern and southwestern coasts (e.g., Virginia and 
North Carolina as shown in Fig. 4.1). 
Fig. 4.2 shows that the observed number of rainy days in the warm season (Mar.-Aug.) 
decreased by over 5% per decade over various areas in the eastern and western contiguous U.S.  
However, the decreasing trends in total precipitation and in number of rainy days in the cold 
season (Sep.-Feb.), are observed in more areas in the eastern U.S. than in the western regions 
(see Figs. B.2, B.4, B.25 and B.26 in Appendix B). The CWRF also underrepresents the half-
yearly trends in the number of rainy days compared to the observed trends (in Fig. 4.2). 
However, contrary to the trends in the total and number of rainy days, upward trends in the 
warm-season intensity (above the 95% confidence level) are observed in vast areas over the 
contiguous U.S. (Fig. 4.3). As described in the previous chapter, the intensity was calculated by 
dividing the total precipitation amount by the total number of rainy days in each season. For 
many areas over the contiguous U.S., both the half-yearly (or two-seasonal) total precipitation 
and rainy days had decreasing trends. The resulted increasing trend in intensity indicated that the 
decreasing number of observed rainy days had more impact on the intensity than did the total 
precipitation. In all, precipitation events were observed to occur less frequently while there were  
less or  nearly constant two-seasonal (half-yearly) total precipitation amount, but there was 
increasing intensity over most parts of the U.S. in both the warm and cold season during the 
1982-2008 time period. Compared with observations, the CWRF derives smaller changes in the 
two-seasons inter-seasonal (or half-yearly) trends of the precipitation totals (in terms of total 
amount, number of rainy days, and intensity), but correctly captured the directions (upward and 
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downward) of these trends over most areas of the contiguous U.S. (Figs. 4.1-4.3).  
The above discussion showed that both the observed and the CWRF simulated 
precipitation intensity increased over the most areas of the U.S. in both the warm and cold 
seasons during the 27-yr period. However, the trends in the extreme or high precipitation events 
(e.g., 75th, 85th, and 95th percentiles) from both the observations and the CWRF were not 
proportional to any of the trends in the total precipitation, number of rainy days, or intensity in 
each season. As shown in Fig. 4.4, there were more regions with observed increasing trends of 
5% per decade or greater in the occurrence of 95th percentile events of the warm season (Mar.-
Aug.) (primarily in the eastern 2/3 parts of the contiguous U.S.), than regions with observed 
increasing trends of 5% per decade or greater in the two-seasonal precipitation totals. However, 
few trends in the 95th percentile heavy precipitation events were found significant above the 95% 
confidence level in most areas of the contiguous U.S. In the western U.S., there were downward 
trends (greater than 5% per decade) in the occurrence of 95th percentile events in the warm 
season, especially over the northwestern coasts. The CWRF captured the overall features of the 
two-seasonal changes of the occurrence of the 95th percentile events, but did not successfully 
simulate the significant (above the 95% confidence level) upward trends in the locations over the 
contiguous U.S. (in Fig. 4.4). Similar trends in the extreme or high precipitation events were also 
observed for the cold season (Sep.-Feb.), except that there were more areas with observed 
upward trends in the western contiguous U.S. (Fig. B.36 in Appendix B). Furthermore, the 
increasing trends in observed the 75th and 85th percentile events were smaller than those in the 
observed 95th percentile events in number of occurrences, indicating that the extreme 
precipitation events became more severe during the 27-yr period (see Figs. B.28-B.35 in 
Appendix B). There were observed increasing trends (equal or greater than 5% per decade) in 
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number of occurrences of 95th percentile events in scattered areas of the eastern two thirds 
United States in the warm season. However, the CWRF simulation did not reproduce as many 
areas with such increasing trends as were observed (Fig. 4.4).  
Fig. 4.5 shows the observed and the CWRF simulated trends in the percentage 
contribution of the 95th percentile heavy events to the total precipitation in the warm season 
(Mar.-Aug.). There was not a distinct geographic pattern of the trends. Similar results were also 
found for the cold-season (Sep.-Feb.) trends in the contribution of the 95th percentile heavy 
precipitation events to the total precipitation (see Fig. B.37 in Appendix B). However, it is worth 
noting that there were many areas in the western U.S. with statistically significant (above the 
95% confidence level) observed decreasing trends in the contribution of the 95th percentile 
events to the total precipitation in the warm season. The CWRF successfully captured this 
feature, but did not suggest as many areas as in the observations. In all, Figs. 4.4 and 4.5 
illustrated that the observed heavy precipitation events (95th percentile) increased in many 
regions over the contiguous U.S. in terms of occurrences and relative contribution to the total 
precipitation in the warm season, even though the observed half-yearly total precipitation and 
number of rainy days decreased or did not change in most areas as discussed above and shown in 
Figs. 4.1 and 4.2. Although the CWRF simulated trends were not as intense as the observed ones 
in both seasons (half years) over the contiguous U.S. during the period of 1982-2008, the CWRF 
produced the correct general spatial pattern of trends in the high precipitation events relative to 
those derived from the observations in each season. The trends in the higher events, i.e., 95th 
percentile event, in both seasons were well captured by the CWRF model. 
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4.3. Downscaling the two seasonal (warm and cold half years) total and high precipitation 
to target subregions 
In order to analyze the interseasonal changes of the total and high precipitation events in 
a more quantitative manner and account for different geographical characteristics, five selective 
subregions - the West Coast (WC), the Central Great Plains (CGP), the Northeast (NE), the Gulf-
South (GS), and the Midwest (MW) – of the contiguous United States were chosen for further 
analysis (Fig. 3.1). The GS and MW subregions are generally low-elevated, whereas the WC, 
CGP, and NE are generally high-elevated. Since the areas of these five subregions are similar, 
the evaluations of total and high precipitation events for these subregions were at comparable 
spatial scales.  
Table 4.1 summarizes the trends of area-averaged total and high precipitation events for 
each of the five subregions in the warm season (Mar.-Aug.) of the period of 1982-2008. The 
warm seasonal (half-yearly) regional upward trends in the high precipitation events (particularly 
the 95th heavy events) were greater than the trends in the precipitation totals based on 
observations over both the lower-elevated regions (e.g., MW) and higher-elevated regions (e.g., 
NE and CGP). The CWRF performed diversely (well in some subregions and bad in others) in 
the five subregions. It underestimated all of the (half years) seasonal trends in total and high 
precipitation events over the MW and NE subregions, but the simulated trends in total and/or 
high precipitation events in the western U.S. (e.g., the GS, CGP and WC subregions in Table 
4.1) compare favorably with the trends derived from observations.  
As an example, Figs 4.6 and 4.7 show the time series (1982-2008) of area-averaged 
warm-season (Mar.-Aug.) high precipitation events with their trends from both model and 
observations over the WC subregion in terms of number of occurrences and relative intensity to 
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the total precipitation, respectively. The trends are decreasing in both the number of occurrences 
and relative intensity of the high precipitation events (75th, 85th, and 95th percentiles) in the warm 
season (Mar.-Aug.) over the WC from observations, consistent with previous trend analyses in 
the spatial distribution of trends over the contiguous U.S. The CWRF simulated the number of 
occurrences well for each of the three high precipitation events and their intensity relative to the 
total precipitation for 1982-2008, except that the simulated number of occurrences for each event 
in a few years (e.g., 1983,1998, etc.) was smaller than the observations (see Fig. 4.6). Moreover, 
the model slightly overestimated the intensity relative to the total precipitation of the high 
precipitation events in 1982-2008 warm seasons (Mar.-Aug.) (Fig. 4.7). Overall, the CWRF-
simulated trends in all the three events (75th, 85th, and 95th percentiles) and total precipitation in 
the warm seasons (Mar.-Aug.) more robustly than those for the cold seasons (Sep.-Aug.), 
primarily due to improvements in the regional climate model skills in simulating the warm-
season convective precipitation. Such events were previously poorly simulated by numerical 
weather/climate models (Giorgi 2006; Lowery and Yang 2008).     
 
4.4. Summary and Discussion 
The comprehensive regional climate model evaluations of temporal changes (trends) of 
total and high precipitation events over the contiguous U.S. were conducted for 1982-2008 at the 
two-seasons (half-yearly) interseasonal temporal scale. The CWRF model showed an overall 
improvement in simulating warm season (Mar.-Aug.) precipitation relative to other published 
models, a result of improved convective precipitation scheme in the CWRF model. The 
interseasonal trends in high precipitation events derived from a regional climate model were 
evaluated for the first time. The observed decreasing trends in total precipitation and number of 
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rainy days in the warm-season (Mar.-Aug.) were similar in various regions of the contiguous 
U.S., The model captured the (half-years) seasonal trends in total precipitation and number of 
rainy days well in the northwestern parts and large areas in the middle and eastern contiguous 
U.S. The observed total intensity in the warm season (Mar.-Aug.) of 1982-2008 increased over 
many scattered regions, and the model overall overestimated the upward trends in intensity in the 
contiguous U.S. The observed (half-years) seasonal high precipitation events (e.g., 95th 
percentile) showed increasing trends (i.e., upward trends of high precipitation events observed in 
terms of both the number of occurrences and intensity relative to the total amount) during the 27-
yr period. However, the (half-years) seasonal trends in total and high precipitation events did not 
change proportionally. The trends in observed high precipitation events were usually greater than 
the trends in precipitation totals, indicating that increasing extreme and/or high precipitation 
events occurrences during the warm season (Mar.-Aug.) in the 27-yr period. The CWRF-
produced general spatial patterns of trends for the high precipitation events that compare well 
with those derived from the observations in each season. The trends in the higher events, i.e., 95th 
percentile event, in both half-yearly seasons were well captured by the CWRF model. 
The evaluations of the five target subregions show that the warm-season (Mar.-Aug.) 
trends in both the lower- or higher-elevated areas could be simulated reasonably well by the 
CWRF, in terms of both the total precipitation and the high precipitation events. The model 
particularly performed better in the western half of the contiguous U.S., even in the Rocky 
Mountains, where topography plays a key role in precipitation mechanisms. Overall, for both the 
observations and the model the (half-years) seasonal trends of high precipitation events (e.g., 95th 
percentile) increased more than the precipitation totals in both the lower- (e.g., the MW 
subregion) and higher-elevated regions (e.g., the NE and CGP subregions). It could be inferred 
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that the decreasing trends in high precipitation events were smaller than the trends in total 
precipitation in the GS and WC subregions in the warm-season (Mar.-Aug.), from both the 
CWRF and observations. 
Note that in this study, we do not attempt to calculate the exact magnitudes and directions 
of trends for the traditional four seasons because of sampling issues, as this usually requires a 
period of at least 50 years, and our 27-yr simulating period is not long enough. It is reasonable to 
evaluate the regional climate model’s performance in capturing the half-yearly (two-seasonal) 
trends of the 27-yr period in total and high precipitation events, but this had not been previously 
accomplished.  
The evaluation of historical trends in total and high precipitation also has important 
implications for the use of regional models in projections of precipitation and extremes to future 
changes in climate. It can also provide important information for assessing the capabilities of 
using the CWRF model to evaluate long-term variations of climatic and hydrologic extremes and 
hazards (e.g. floods, droughts, etc.) and to support mitigation strategies.  
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Figure 4.1. Spatial distribution of trends (unit: % per decade) of warm-season (Mar.-Aug.) total 
precipitation during 1982-2008 for (i) observations and (ii) model. Areas where trends are 
statistically significant above the 95% confidence level are indicated with gray hatching. 
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Figure 4.2. Spatial distribution of trends (unit: % per decade) of warm-season (Mar.-Aug.) 
number of rainy days during 1982-2008 for (i) observations and (ii) model. Areas where trends 
are statistically significant above the 95% confidence level are indicated with gray hatching. 
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Figure 4.3. Spatial distribution of trends (unit: % per decade) of warm-season (Mar-.Aug.) 
intensity (mean precipitation amount per rainy day) during 1982-2008 for (i) observations and 
(ii) model. Areas where trends are statistically significant above the 95% confidence level are 
indicated with gray hatching. 
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Figure 4.4. Spatial distribution of trends (unit: % per decade) of warm-season (Mar.-Aug.) 
occurrence number of the high precipitation events (95th percentile) during 1982-2008 for (i) 
observations and (ii) model. Areas where trends are statistically significant above the 95% 
confidence level are indicated with gray hatching. 
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Figure 4.5. Spatial distribution of trends (unit: % per decade) of warm-season (Mar-.Aug.) 
intensity of the high precipitation events (95th percentile) contribution to total precipitation 
during 1982-2008 for (i) observations and (ii) model. Areas where trends are statistically 
significant above the 95% confidence level are indicated with gray hatching. 
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Figure 4.6. Time series of West Coast (WC) area-averaged warm-season (Mar.-Aug.) occurrence 
number of the high precipitation events (75th, 85th, 95th percentiles), along with linear fitting. The 
solid (dashed) lines represent model (observations), respectively.  
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Figure 4.7. Time series of West Coast (WC) area-averaged warm-season (Mar.-Aug.) intensity of 
the high precipitation events (75th, 85th, 95th percentiles) contribution to total precipitation (%), 
along with linear fitting. The solid (dashed) lines represent model (observations), respectively.  
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Chapter 5: A Case Study of Spatial Scale Effects on Total and High Precipitation 
 
This chapter tests spatial scale effects on simulating the total and high precipitation 
events from a case study for the Midwest zoomed into a smaller region, namely, Illinois and, 
further zoomed into an even smaller region, the Central Illinois. Section 1 of this chapter is an 
introduction of the case study. Section 2 evaluates the frequency distribution of the regional daily 
precipitation from observations and model, followed by assessment of the regional total and high 
precipitation events in this case. Section 4 summarizes the findings.  
 
5.1. Introduction 
In the previous chapters, the sizes of the five subregions (as seen in Fig. 3.1) are similar 
for evaluating the total and high precipitation events at different regions at the same spatial scale. 
However, precipitation is generally more sensitive to spatial scale than temperature, and spatial 
scale impacts on the total and high precipitation events from both observations and model need 
to be examined. Here, we focus on the region of the Midwest (MW) and two zoomed-in regions: 
the state of Illinois (IL) and even finer to examine Central Illinois (CIL). As shown in Fig. 5.1, 
the area of the zoomed-in subregions of the MW increases a factor of three in going from CIL to 
IL, and about another factor of three in going from IL to MW. This chapter focuses on the 
horizontal spatial scale effects on precipitation simulations for the subregions of the MW, IL and 
CIL.  
The Midwest region (MW) is particularly important because it covers most of the wheat, 
soybean and corn belts in the United States, and is one of the most productive agriculture regions 
in the world. The zoom-in region Central Illinois (CIL), as the heart of Illinois (IL), consists of 
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primarily agricultural cropland, with remaining prairie, woodlands, small towns and mid-sized 
cities, making this a representative region of the Midwest (MW). The geography of generally flat 
land, together with soil structure and utilization, makes the Midwest area vulnerable to extreme 
precipitation and flooding. Particularly in spring and summer (the warm season), severe weather 
(e.g., thunderstorms, tornadoes) often occurs, leading to extreme convective precipitation, which 
may produce serious local flooding problems on farmland (agriculture losses) and in urban area 
(civil infrastructure damages), with reservoir interference, or even geomorphic changes (e.g., 
modifications of the river bed shape, shifts of stream channel) (Huff and Angel 1992). Hence 
precipitation is of very importance for these regions.  
 
5.2. Evaluation of Frequency Distribution 
Before evaluation of the regional high precipitation events over the three regions of MW, 
IL and CIL, daily precipitation characteristics, e.g., the frequency distributions, are regionally 
averaged for all gridded daily precipitation from observations and the CWRF during 1982-2008 
(see Fig. 5.2). The frequency distributions (PDF) from the model and from the observations are 
of similar shape (positively skewed) and magnitude, and fewer non-rainy days and light 
precipitation (below 10 mm/d) days in the model in comparison to the observational data. This is 
an improvement over previous studies from other numerical weather and climate models that 
tend to produce excessive occurrence of very weak precipitation (prior models have a tendency 
to continually drizzle) even though the total precipitation amount is reasonable (Frei et al. 2003). 
In the inset in Fig. 5.2, the frequency distributions of daily precipitation from the model and the 
observations at higher amounts (greater than 10 mm/day) are also similar, that is of particular 
importance to this study for the analyses of the high precipitation events. The daily precipitation 
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frequency distributions in all the three subregions (MW, IL and CIL) have similar performances 
for the model relative to the observations. 
 
5.3. Evaluation of Precipitation Totals and High Precipitation Events for MW, IL and CIL 
The time series of the regional total and high precipitation events of the CIL, IL and MW 
subregions from the CWRF and the observations are shown in Figs. 5.3-5.5, respectively. During 
the time period of 1982-2008, the CWRF tended to underestimate the annual total precipitation 
amount by 4% in the CIL and IL, and 1% in the MW, on average. The CWRF had 16%, 16%, 
and 13% fewer wet days (rainy days) than observations for the CIL, IL, and MW, respectively. 
But the model overestimated intensity (mean amount per wet day) by 13-15% for the three 
subregions (Fig. 5.3(a)-(c) and Table 5.1(a)). The differences between model and observations 
were not statistically significant at the 95% confidence level. The CWRF performed well in total 
precipitation, particularly in the total precipitation amount simulated in the warm season (Mar.-
Aug.) of 1982-2008 for all the three regions (CIL, IL, and MW) (Fig. 5.3(d)-(f)). The trends in 
the number of rainy days and the intensity (mean amount per wet day) were captured well in 
terms of directions (upward and downward) and the magnitude (Fig. 5.3(a)-(c) and Table 5.1(a)-
(c)) by the CWRF. 
As shown in Table 5.1(a), the observed trends in annual total precipitation amount 
decreased by 1-2 % per decade during 1982-2008 over all the three regions, with much more 
decreases found in the observed number of wet days (4-5% per decade). The observed regional 
trends in the intensity increased accordingly by less than 2% per decade. The CWRF captured all 
of the regional trend features of the total precipitation amounts, the number of rainy days and the 
intensity well compared to the observations, and produced the total precipitation well at the 
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different spatial scales for the CIL, the IL, and the MW regions.  
For the high precipitation events (75th, 85th, 95th percentiles), Fig. 5.4(a)-(c) shows that 
the CWRF underestimates the annual frequency of such events over the three regions, and 
consistently has fewer rainy days than the observations. For the 75th percentile events, the model 
underestimates the number of occurrences by 16.7% for both the CIL and IL, and 13% for the 
MW overall at each temporal scale (Table 5.2(a)-(c)). Similarly, for the 85th percentile events, 
the CWRF underestimates the occurrences by 16.7 % for the CIL and IL, and 11% for the MW 
(Table 5.3(a)-(c)). For the 95th percentile events, it underestimates all the occurrences by 16.7% 
on average for each of the three regions (Table 5.4 (a)-(c)). Furthermore, the observed trends 
(1982-2008) in occurrences of the high precipitation events decreased by less than 2% per 
decade in all the three regions for the 75th and 85th percentile events, and decreased by 2-3% per 
decade in the CIL and IL but increased by 1% per decade in the MW for the 95th percent events 
(Tables 5.2(a)-5.4(c)). This implies that the trends in occurrences of the heavy precipitation 
events (95th percentile) usually do not necessarily change consistently with the less severe events 
(e.g., 75th, 85th percentiles). There were downward trends in this case of the 95th percentile 
events, while there were upward trends in the other less intense events, or in the total 
precipitation. The results from both observations and model suggest that 
1.) Disproportionate changes in the high precipitation events can occur relative to total 
precipitation. First, the trends in occurrence of the heavy events (95th percentile) is 
usually larger than those of the total events (e.g., over the CIL and IL). Second, the 
trends in the heavy and total events can be of opposite signs: e.g., there was upward 
sign for the heavy events, while there was downward sign for the total precipitation 
(e.g., over the MW). 
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2.) Heavy precipitation events (95th percentile) can have opposite increasing and 
decreasing trends at different spatial scales when considering different sizes of 
regions, e.g., the trend of occurrences of the 95th percentile events was negative over 
the CIL and IL but was positive in the MW (the 95th percentile represents different 
magnitudes of precipitation at each subregion). This indicates that heavy and extreme 
events are sensitive to spatial scale in terms of occurrence. The CWRF captured the 
trends of occurrence in most cases of the 75th and 95th percentile events for each of 
the three regions, but performed relatively poorly on the trends of occurrences of the 
85th percentile events (Tables 5.2(a)-5.4(c)), indicating that the model simulation of 
trends in occurrence number is less certain than simulating the number of occurrence 
itself for the high or extreme precipitation events.  
 
 Consistent with the model simulation of the intensity of total precipitation, Fig. 5.5(a)-(c) 
shows that the CWRF overestimated the intensity of each type of percentile events relative to the 
total precipitation (unit: %) for all the three regions, mainly because the total precipitation 
amount was underestimated by the model. For the 75th percentile events, the model 
overestimated the relative intensity by 2.7%, 2.5%, and 2.6% for the CIL, IL, and MW, 
respectively (Table 5.2 (a)-(c)). For the 85th and 95th percentile events, the model overestimated 
the relative intensity by 3% for all the three subregions (Tables 5.3(a)-5.4(c)). The difference in 
the intensity for each event between model and observations was not statistically significant at 
the 95% confidence level. The CWRF had similar simulation capabilities in capturing the 
relative intensity of each event. For the 75th and 85th percentile high precipitation events, 
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observed trends in the relative intensity increased by 1% per decade in the CIL but little 
differences were found in the IL and MW during the 1982-2008 time period. For the 95th 
percentile events, the relative intensity decreased by 4% per decade in IL, but there were very 
little changes in the CIL and MW (Tables 5.2(a)-5.4(c)). These results from observations and the 
CWRF indicate that 
1.) Disproportionate changes were also found in the high precipitation events in terms of 
intensity relative to total precipitation. First, the trends in the relative intensity of the 
heavy events (95th percentile) were usually greater than those of the total events (e.g., 
over the IL). Second, the trends in the heavy and total events can also be of opposite 
signs: e.g., positive sign for the 75th and 85th percentiles events but negative sign for 
the total precipitation (e.g., over the CIL)) . 
 
2.) The observations of the intensity relative to total precipitation show the high 
precipitation events can result in opposite trends at various spatial scales. This 
indicates that the relative intensity of heavy and extreme events is sensitive to spatial 
scale. The CWRF reproduced the trends in the relative intensity favorably in most 
cases for each subregion. Compared to previous simulated trends in the occurrences 
of the high precipitation events, the CWRF had better performance in deriving trends 
in the relative intensity than in the occurrence number of the high precipitation 
events in most cases of the three subareas (Tables 5.2(a)-5.4(c)).   
 
In addition, the CWRF overestimated the threshold (the cut-off value of an extreme event 
calculated from the percentile-based definition) of the high precipitation events by 13%, 16%, 
69 
 
and 17% for the 75th, 85th, and 95th percentile events, respectively, for each of the three regions 
(Tables 5.2(a)-5.4(c)). This also reflects that the more intense the event, the more difficult it is to 
simulate in the model.   
 
5.4. Summary and Discussion 
This case study examined the observed and model simulated total and high precipitation 
events (75th, 85th, 95th percentiles) when considering different sizes of regions in the contiguous 
U.S. 
In going from Central Illinois (CIL) to the state of Illinois (IL) to the entire Midwest (IL), 
the model captured all of the trend features of the total precipitation amount, the number of rainy 
days and the intensity during the 27-yr time period. The model produced daily precipitation 
distribution and total precipitation well at all of the different spatial scales (CIL, IL, and MW 
regions). Even though the number of rainy days and consequently intensity (mean amount per 
wet day) are still difficult to determine, their trends have been captured in both directions 
(upward and downward) and the magnitude during the period of 1982-2008. The modeled warm-
season (Mar.-Aug.) precipitation totals agree favorably with observations.  
Changes in high precipitation events are highly sensitive to the spatial scale chosen, at 
least for the case study of the regions evaluated, MW, IL and CIL. From observations, the heavy 
precipitation events (e.g., 95th percentile) can present different trends at different spatial scales 
for the same location (e.g., the trend of occurrence of the 95th percentile events decreased over 
the CIL and IL but increased overall in the MW at different magnitudes). 
Disproportionate trends in the high precipitation events were observed in comparison to 
total precipitation in 1982-2008. For the CIL and IL, there are greater trends observed in 
occurrences of events (e.g., 95th percentile) than those in the total precipitation. For the MW, 
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there are upward trends observed in the number of occurrences (e.g., 95th percentile), but 
downward trends in the total precipitation and number of rainy days. For IL, greater decreasing 
trends are observed in the relative intensity from the 95th percentile events than in the total 
precipitation. For the CIL, upward trends are illustrated in the relative intensity from the 75th and 
85th percentiles while downward trends are found in total precipitation from observations.    
 Intense or high precipitation events changed highly different from precipitation totals 
over the MW. For instance, the observed trends in heavy precipitation events increased in the 
CIL but decreased trends in the total precipitation and number of rainy days during 1982-2008. 
The CWRF captured the trends of high precipitation events in terms of both occurrence and 
intensity in most cases, but produced relatively poorly the trends of occurrences of 85th percentile 
events (Tables 5.2(a)-5.4(c)), indicating that high and extreme precipitation events are more 
difficult to simulate than the precipitation totals. The CWRF tends to overestimate the threshold 
of each high precipitation event by 13%, 16%, and 17% for the 75th, 85th, and 95th percentile 
events, respectively, for each of the three regions (Tables 5.2(a)-5.4(c)). This reflects the more 
intense the event, the more difficult to simulate.   
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5.5. Figures and Tables 
 
 
Figure 5.1. Boundaries of the targeted study region Midwest (MW), with the zoom-in subregions 
Illinois (IL) and Central Illinois (CIL) for further examination of the changes in regional 
precipitation totals and extreme events. 
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Figure 5.2. Comparison of frequency distribution of daily precipitation (> 1 mm/d) from the 
simulated regional climate model (CWRF) and observed data (1982-2008) over the averaged 
Central Illinois (CIL) region. The inset box in upper-right corner shows the tail of the 
distribution with an expanded vertical axis.  
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Figure 5.3(a). Time series of Central Illinois (CIL) area-averaged annual total precipitation 
(upper graph), number of wet days (middle graph), and intensity (mean precipitation amount per 
wet day) (lower graph), along with linear fitting. The solid (dashed) lines represent model 
(observations), respectively.  
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Figure 5.3(b). Same as Fig. 5.3(a), but for Illinois (IL). 
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Figure 5.3(c). Same as Fig. 5.3(a), but for Midwest (MW). 
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Figure 5.3(d). Same as Fig. 5.3(a), but for the warm season (Mar.-Aug.) in CIL. 
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Figure 5.3(e). Same as Fig. 5.3(b), but for the warm season (Mar.-Aug.) in IL. 
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Figure 5.3(f). Same as Fig. 5.3(c), but for the warm season (Mar.-Aug.) in MW. 
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Figure 5.4(a). Time series of Central Illinois (CIL) area-averaged annual occurrence number of 
the high precipitation events (75th, 85th, 95th percentiles), along with linear fitting. The solid 
(dashed) lines represent model (observations), respectively. 
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Figure 5.4(b). Same as Fig. 5.4(a), but for Illinois (IL). 
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Figure 5.4(c). Same as Fig. 5.4(a), but for Midwest (MW). 
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Figure 5.5(a). Time series of Central Illinois (CIL) area-averaged annual high precipitation 
events (75th, 85th, 95th percentiles) intensity contribution to total precipitation (%), along with 
linear fitting. The solid (dashed) lines represent model (observations), respectively. 
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Figure 5.5(b). Same as Fig. 5.5(a), but for Illinois (IL). 
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Figure 5.5(c). Same as Fig. 5.5(a), but for Midwest (MW). 
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Chapter 6: Conclusions, Discussion and Future Work  
 
6.1. Conclusions and Discussion  
6.1.1. Evaluation of Interannual Variations of Total and High Precipitation  
In this study, we found that spatial variations of the annual means of the precipitation 
totals and high events were generally distributed related to the spatial distribution of topography 
over the contiguous U.S. The CWRF captured the main features of the higher magnitude in 
precipitation totals and the high precipitation events over the eastern half and the lower over the 
western half of the contiguous U.S. Major improvements in simulation of precipitation was 
found over mountainous areas (e.g., Rocky Mountains) compared to prior studies (Liang et al. 
2004). For both model and observations, the spatial patterns of the high precipitation events (in 
terms of occurrence and intensity) are consistent but not linearly proportional to precipitation 
totals; at the same spatial scale, the high precipitation events are distributed more 
heterogeneously (less uniformly) than the precipitation totals. This indicates that simulation of 
precipitation extremes has more difficulties than simulation of total precipitation, consistently 
with the statements in the Introduction.     
Second, the observed and model simulated trends of the total and high precipitation 
events over the contiguous U.S. were not distributed consistently with the spatial distribution of 
topography. Overall in the contiguous U.S., during this 27-yr time period there have been 
statistically significant decreasing trends (above the 95% confidence level) in annual total 
precipitation and total number of rainy days from the observations, and these downward trends 
simulated by the CWRF were not as extreme as the observed ones. Furthermore there also have 
been statistically significant increasing trends (above the 95% confidence level) observed in total 
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intensity and heavy precipitation events (95th percentile) in terms of both occurrence and 
intensity, and these upward trends simulated by model were not as extreme as the observed ones. 
Trends of the 75th and 85th percentile events in terms of either occurrence or intensity were not as 
significant (at the 95% confidence level) as trends of the 95th percentile events from both 
observations and the CWRF, indicating that the more intense the events, the more significant 
(above the 95% confidence level) trends (in both directions: upward and downward) in terms of 
occurrence and intensity are observed and simulated overall in the contiguous U.S. In general, 
the 27-yr annual precipitation tended to be observed less frequently with increasing intensity 
over the contiguous U.S., indicating that more severe events tended to occur during this period, 
consistently with trends observed in the 95th percentile heavy precipitation events in terms of 
occurrence and intensity. The CWRF tended to underestimate the trends of total and high 
precipitation events relative to the trends in observations (in both upward and downward 
directions) over the contiguous U.S. during 1982-2008.    
Third, for both observations and the CWRF, the long-term interannual variations (1982-
2008) of total and high precipitation events produced different characteristics over the different 
subregions (see Fig. 3.1) within the contiguous U.S. Observations, show that the annual total 
precipitation decreased in the Midwest (MW), Gulf-South (GS) and West Coast (WC) 
subregions but increased in the Northeast (NE), with almost no change in the Central Great 
Plains (CGP) subregion. All subregions gave downward trends in total number of rainy days and 
upward trends in total intensity. The CWRF captured most observed the regional trends in 
precipitation totals (e.g., annual total precipitation, number of rainy days, and intensity). Similar 
findings of regional trends from observations and the model were found from the high 
precipitation events (75th, and 85th percentiles) over all the subregions. However, regionally the 
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heavy precipitation events (95th percentile) changed disproportionally to the 75th and 85th 
percentile events and to the precipitation totals from both observations and the model. For 
instance, in the subregions of MW, GS, and WC, downward regional trends were observed in the 
75th, 85th percentiles and total precipitation but upward regional trends were found in the 95th 
percentile heavy precipitation events. Eventually the upward regional trends in the 95th percentile 
heavy precipitation events in terms of both occurrence and intensity relative to total precipitation 
were observed in all the five subregions, but with different magnitudes, e.g., higher magnitudes 
(greater than 8% per decade) of regional trends were observed in the NE, CGP and WC 
subregions where have relative higher elevations comparing to the MW and GS subregions. The 
model captured the increasing trends in the 95th heavy precipitation events over most of the 
subregions but less intensely than the observed ones. Above all, precipitation was observed to 
occur less frequently annually but more intensively with more heavy events (95th percentile) in 
terms of occurrence and relative intensity in the past 27 years, particularly in the higher-elevated 
subregions (e.g., NE, CGP, and WC). The CWRF performed differently in the different 
subregions and captured the regional trends of total and high precipitation events favorably in the 
eastern lower-elevated subregions (e.g., MW and GS).     
Even though the values of precipitation totals and high precipitation events can be 
simulated well by climate models, their trends often cannot be captured accurately, perhaps 
partly due to the limited time period for examined from both model and observations. Trend 
analysis is highly sensitive to the time period chosen because the more intense the events, the 
smaller size of samples available for trend analysis. For more extreme events (e.g., 95th, 99th, 
99.7th percentile), a longer time period is needed for trend analyses. Usually the longer period, 
the better produced are the trends in total and high precipitation events from model simulation 
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(favorably with that derived from observations) that would be anticipated (which was also 
illustrated from a comparison test of trends in different time periods).  
 
6.1.2. Evaluation of Warm and Cold Seasons (Half Years) Changes in Total and High 
Precipitation 
The comprehensive regional climate model evaluations of temporal changes (trends) of 
total and high precipitation events over the contiguous U.S. were conducted for 1982-2008 at the 
two-seasons (half-yearly) interseasonal temporal scale. The CWRF model showed an overall 
improvement in simulating warm season (Mar.-Aug.) precipitation relative to other published 
models, a result of improved convective precipitation scheme in the CWRF model. The 
interseasonal trends in high precipitation events derived from a regional climate model were 
evaluated for the first time. The observed decreasing trends in total precipitation and number of 
rainy days in the warm-season (Mar.-Aug.) were similar in various regions of the contiguous 
U.S. The model captured the (half-years) seasonal trends in total precipitation and number of 
rainy days well in the northwestern parts and large areas in the middle and eastern contiguous 
U.S. The observed total intensity in the warm season (Mar.-Aug.) of 1982-2008 increased over 
many scattered regions, and the model overall overestimated the upward trends in intensity in the 
contiguous U.S. The observed (half-years) seasonal high precipitation events (e.g., 95th 
percentile) showed increasing trends (i.e., upward trends of high precipitation events observed in 
terms of both the number of occurrences and intensity relative to the total amount) during the 27-
yr period. However, the (half-years) seasonal trends in total and high precipitation events did not 
change proportionally. The trends in observed high precipitation events were usually greater than 
the trends in precipitation totals, indicating that increasing extreme and/or high precipitation 
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events occurrences during the warm season (Mar.-Aug.) in the 27-yr period. The CWRF-
produced general spatial patterns of trends for the high precipitation events that compare well 
with those derived from the observations in each season. The trends in the higher events, i.e., 95th 
percentile event, in both half-yearly seasons were well captured by the CWRF model. 
The evaluations of the five target subregions show that the warm-season (Mar.-Aug.) 
trends in both the lower- or higher-elevated areas could be simulated reasonably well by the 
CWRF, in terms of both the total precipitation and the high precipitation events. The model 
particularly performed better in the western half of the contiguous U.S., even in the Rocky 
Mountains, where topography plays a key role in precipitation mechanisms. Overall, for both the 
observations and the model the (half-years) seasonal trends of high precipitation events (e.g., 95th 
percentile) increased more than the precipitation totals in both the lower- (e.g., the MW 
subregion) and higher-elevated regions (e.g., the NE and CGP subregions). It could be inferred 
that the decreasing trends in high precipitation events were smaller than the trends in total 
precipitation in the GS and WC subregions in the warm-season (Mar.-Aug.), from both the 
CWRF and observations. 
Note that in this study, we do not attempt to calculate the exact magnitudes and directions 
of trends for the traditional four seasons because of sampling issues, as this usually requires a 
period of at least 50 years, and our 27-yr simulating period is not long enough. It is reasonable to 
evaluate the regional climate model’s performance in capturing the half-yearly (two-seasonal) 
trends of the 27-yr period in total and high precipitation events, but this had not been previously 
accomplished.  
The evaluation of historical trends in total and high precipitation also has important 
implications for the use of regional models in projections of precipitation and extremes to future 
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changes in climate. It can also provide important information for assessing the capabilities of 
using the CWRF model to evaluate long-term variations of climatic and hydrologic extremes and 
hazards (e.g. floods, droughts, etc.) and to support mitigation strategies.  
 
6.1.3. A Case Study of Spatial Scale Effects on Total and High Precipitation 
This case study examined the observed and model simulated total and high precipitation 
events (75th, 85th, 95th percentiles) when considering different sizes of regions in the contiguous 
U.S. 
In going from Central Illinois (CIL) to the state of Illinois (IL) to the entire Midwest (IL), 
the model captured all of the trend features of the total precipitation amount, the number of rainy 
days and the intensity during the 27-yr time period. The model produced daily precipitation 
distribution and total precipitation well at all of the different spatial scales (CIL, IL, and MW 
regions). Even though the number of rainy days and consequently intensity (mean amount per 
wet day) are still difficult to determine, their trends have been captured in both directions 
(upward and downward) and the magnitude during the period of 1982-2008. The modeled warm-
season (Mar.-Aug.) precipitation totals agree favorably with observations.  
Changes in high precipitation events are highly sensitive to the spatial scale chosen, at 
least for the case study of the regions evaluated, MW, IL and CIL. From observations, the heavy 
precipitation events (e.g., 95th percentile) can present different trends at different spatial scales 
for the same location (e.g., the trend of occurrence of the 95th percentile events decreased over 
the CIL and IL but increased overall in the MW at different magnitudes). 
Disproportionate trends in the high precipitation events were observed in comparison to 
total precipitation in 1982-2008. For the CIL and IL, there are greater trends observed in 
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occurrences of events (e.g., 95th percentile) than those in the total precipitation. For the MW, 
there are upward trends observed in the number of occurrences (e.g., 95th percentile), but 
downward trends in the total precipitation and number of rainy days. For IL, greater decreasing 
trends are observed in the relative intensity from the 95th percentile events than in the total 
precipitation. For the CIL, upward trends are illustrated in the relative intensity from the 75th and 
85th percentiles while downward trends are found in total precipitation from observations.    
 Intense or high precipitation events changed highly different from precipitation totals 
over the MW. For instance, the observed trends in heavy precipitation events increased in the 
CIL but decreased trends in the total precipitation and number of rainy days during 1982-2008. 
The CWRF captured the trends of high precipitation events in terms of both occurrence and 
intensity in most cases, but produced relatively poorly the trends of occurrences of 85th percentile 
events (Tables 5.2(a)-5.4(c)), indicating that high and extreme precipitation events are more 
difficult to simulate than the precipitation totals. The CWRF tends to overestimate the threshold 
of each high precipitation event by 13%, 16%, and 17% for the 75th, 85th, and 95th percentile 
events, respectively, for each of the three regions (Tables 5.2(a)-5.4(c)). This reflects the more 
intense the event, the more difficult to simulate.   
 
6.2. Future Work  
This research provides suggestions for several topics of future work. For example, the 
extreme analyses could also be employed to other climatic and/or hydrologic extreme events 
(e.g. floods, droughts, heat waves, and extreme cold, etc.), which can offer further guidance on 
adaptation strategies.  
There are a number of possible factors for the differences between model and 
observations. A longer time period (e.g., 50, 100 years) of regional climate modeling simulation 
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is needed for better evaluating the changes in historical trends in climatic extremes events at both 
interannual and interseasonal scales, and for investigation of the likely causes of the differences 
between the trends derived from model outputs and observational data.   
For climate change studies, the extreme trend analyses could be applied to possible 
potential trends in climatic intense events (e.g., heat waves, extreme cold, heavy precipitation, 
etc.) in the future (e.g., mid-21st century, late-21st century), by regional climate modeling to 
project the future climate based on climate change emission scenarios (e.g., higher case of A1FI 
and lower case of B1 scenarios in IPCC SRES 2000; CCSP 2008).  
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Appendix A: Additional figures in Chapter 3: Evaluation of Interannual Variations of 
Total and High Precipitation  
 
In Appendix A, 11 additional figures are presented to support Chapter 3 (Evaluation of 
interannual variations of total and high precipitation events): Spatial distribution of threshold 
(unit: mm) of the high precipitation events (75th, 85th and 95th percentiles respectively; Spatial 
distribution of annual mean occurrence number of the high precipitation events (85th and 95th 
percentiles, respectively); Spatial distribution of annual mean intensity of the high precipitation 
events (85th and 95th percentiles, respectively) relative to total precipitation (unit: %); Spatial 
distribution of trends (unit: % per decade) of annual occurrence number of the high precipitation 
events (75th  and 85th percentiles, respectively); Spatial distribution of trends (unit: % per decade) 
of annual intensity of the high precipitation events (75th and 85th percentiles, respectively) 
relative to total precipitation during 1982-2008 from both observations and model.  
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Figure A.1. Spatial distribution of threshold (unit: mm) of the high precipitation events (75th 
percentile) during 1982-2008 for (i) observations and (ii) model.  
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Figure A.2. Spatial distribution of threshold (unit: mm) of the high precipitation events (85th 
percentile) during 1982-2008 for (i) observation s and (ii) model.  
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Figure A.3. Spatial distribution of annual mean occurrence number of the high precipitation 
events (85th percentile) during 1982-2008 for (i) observations and (ii) model. (iii) The difference 
between model and observations, and areas where the difference is statistically significant above 
the 95% confidence level are indicated with gray hatching.  
  
 
 
(i)
0
5
10
15
20
25
30
 
 
(ii)
0
5
10
15
20
25
30
 
 
(iii)
-10
-5
0
5
10
109 
 
 
Figure A.4. Spatial distribution of annual mean intensity of the high precipitation events (85th 
percentile) contribution to total precipitation (unit: %) during 1982-2008 for (i) observations and 
(ii) model. 
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Figure A.5. Spatial distribution of threshold (unit: mm) of the high precipitation events (95th 
percentile) during 1982-2008 for (i) observations and (ii) model.  
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Figure A.6. Spatial distribution of annual mean occurrence number of the high precipitation 
events (95th percentile) during 1982-2008 for (i) observations and (ii) model. (iii) The difference 
between model and observations.
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Figure A.7. Spatial distribution of annual mean intensity of the high precipitation events (95th 
percentile) contribution to total precipitation (unit: %) during 1982-2008 for (i) observations and 
(ii) model.  
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Figure A.8. Spatial distribution of trends (unit: % per decade) of annual occurrence number of 
the high precipitation events (75th percentile) during 1982-2008 for (i) observations and (ii) 
model. Areas where trends are statistically significant above the 95% confidence level are 
indicated with gray hatching. 
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Figure A.9. Spatial distribution of trends (unit: % per decade) of annual intensity of the high 
precipitation events (75th percentile) contribution to total precipitation during 1982-2008 for (i) 
observations and (ii) model. Areas where trends are statistically significant above the 95% 
confidence level are indicated with gray hatching. 
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Figure A.10. Spatial distribution of trends (unit: % per decade) of annual occurrence number of 
the high precipitation events (85th percentile) during 1982-2008 for (i) observations and (ii) 
model. Areas where trends are statistically significant above the 95% confidence level are 
indicated with gray hatching. 
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Figure A.11. Spatial distribution of trends (unit: % per decade) of annual intensity of the high 
precipitation events (85th percentile) contribution to total precipitation during 1982-2008 for (i) 
observations and (ii) model. Areas where trends are statistically significant above the 95% 
confidence level are indicated with gray hatching. 
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Appendix B: Additional tables and figures in Chapter 4: Evaluation of Warm and Cold 
Seasons (Half Years) Changes in Total and High Precipitation 
 
Appendix B includes 8 tables and 37 figures as additional information for Chapter 4 
(Evaluation of half-yearly warm- and cold-seasons changes in total and high precipitation 
events). The first two tables are summary of area-averaged precipitation totals statistics for the 
five target subregions at the warm season (Mar.-Aug.) and the cold season (Sep.-Feb.), 
respectively. The following six tables are summary of area-averaged high precipitation events 
(75th, 85th and 95th percentiles) statistics for the five subregions at the warm season (Mar.-Aug.) 
and the cold season (Sep.-Feb.), respectively. Then spatial distribution of two-seasons mean total 
precipitation amount, number of rainy days, and intensity are displayed in Figs B.1 to B.6. The 
spatial distribution of the two-seasons high precipitation events (75th, 85th and 95th percentiles) in 
terms of threshold, mean occurrence number, and intensity relative to total precipitation are 
followed in Figs B.7 to B.24. Figs. B.25 to B.35 are spatial distribution of trends of cold-season 
total precipitation, number of rainy days, intensity, and that of both warm-and cold-seasons 75th 
and 85th percentiles precipitation events in terms of occurrence and relative intensity to total 
precipitation, respectively. Finally, spatial distribution of trends of 95th percentile heavy events in 
terms of occurrence number and relative intensity to total precipitation in the cold season (Sep.-
Feb.) during 1982-2008 from both observations and model are illustrated in Figs B.36 and B.37, 
respectively. 
11
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Figure B.1. Spatial distribution of the warm-season (Mar.-Aug.) mean total precipitation 
(unit: mm) during 1982-2008 for (i) observations and (ii) model. (iii) The difference 
between model and observations, and areas where the difference is statistically significant 
above the 95% confidence level are indicated with gray hatching.  
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Figure B.2. Spatial distribution of the cold-season (Sep.-Feb.) mean total precipitation 
(unit: mm) during 1982-2008 for (i) observations and (ii) model. (iii) The difference 
between model and observations, and areas where the difference is statistically significant 
above the 95% confidence level are indicated with gray hatching.  
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Figure B.3. Spatial distribution of the warm-season (Mar.-Aug.) mean number of rainy 
days during 1982-2008 for (i) observations and (ii) model. (iii) The difference between 
model and observations, and areas where the difference is statistically significant above 
the 95% confidence level are indicated with gray hatching.  
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Figure B.4. Spatial distribution of the cold-season (Sep.-Feb.) mean number of rainy days 
during 1982-2008 for (i) observations and (ii) model. (iii) The difference between model 
and observations, and areas where the difference is statistically significant above the 95% 
confidence level are indicated with gray hatching.  
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Figure B.5. Spatial distribution of the warm-season (Mar.-Aug.) mean intensity (mean 
precipitation amount per rainy day, unit: mm/day) during 1982-2008 for (i) observations 
and (ii) model. (iii) The difference between model and observations, and areas where the 
difference is statistically significant above the 95% confidence level are indicated with 
gray hatching.  
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Figure B.6. Spatial distribution of the cold-season (Sep.-Feb.) mean intensity (mean 
precipitation amount per rainy day, unit: mm/day) during 1982-2008 for (i) observations 
and (ii) model. (iii) The difference between model and observations, and areas where the 
difference is statistically significant above the 95% confidence level are indicated with 
gray hatching.  
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Figure B.7. Spatial distribution of threshold (unit: mm) of the high precipitation events 
(75th percentile) in the warm season (Mar.-Aug.) during 1982-2008 for (i) observations 
and (ii) model.  
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Figure B.8. Spatial distribution of threshold (unit: mm) of the high precipitation events 
(75th percentile) in the cold season (Sep.-Feb.) during 1982-2008 for (i) observations and 
(ii) model.  
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Figure B.9. Spatial distribution of the warm-season (Mar.-Aug.) mean occurrence number 
of the high precipitation events (75th percentile) during 1982-2008 for (i) observations 
and (ii) model. (iii) The difference between model and observations, and areas where the 
difference is statistically significant above the 95% confidence level are indicated with 
gray hatching.  
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Figure B.10. Spatial distribution of the cold-season (Sep.-Feb.) mean occurrence number 
of the high precipitation events (75th percentile) during 1982-2008 for (i) observations 
and (ii) model. (iii) The difference between model and observations, and areas where the 
difference is statistically significant above the 95% confidence level are indicated with 
gray hatching.  
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Figure B.11. Spatial distribution of the warm-season (Mar.-Aug.) mean intensity of the 
high precipitation events (75th percentile) contribution to total precipitation (unit: %) 
during 1982-2008 for (i) observations and (ii) model.  
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Figure B.12. Spatial distribution of the cold-season (Sep.-Feb.) mean intensity of the high 
precipitation events (75th percentile) contribution to total precipitation (unit: %) during 
1982-2008 for (i) observations and (ii) model.  
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Figure B.13. Spatial distribution of threshold (unit: mm) of the high precipitation events 
(85th percentile) in the warm-season (Mar.-Aug.) during 1982-2008 for (i) observations 
and (ii) model.  
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Figure B.14. Spatial distribution of threshold (unit: mm) of the high precipitation events 
(85th percentile) in the cold-season (Sep.-Feb.) during 1982-2008 for (i) observations and 
(ii) model.  
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Figure B.15. Spatial distribution of the warm-season (Mar.-Aug.) mean occurrence 
number of the high precipitation events (85th percentile) during 1982-2008 for (i) 
observations and (ii) model. (iii) The difference between model and observations, and 
areas where the difference is statistically significant above the 95% confidence level are 
indicated with gray hatching.  
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Figure B.16. Spatial distribution of the cold-season (Sep.-Feb.) mean occurrence number 
of the high precipitation events (85th percentile) during 1982-2008 for (i) observations 
and (ii) model. (iii) The difference between model and observations, and areas where the 
difference is statistically significant above the 95% confidence level are indicated with 
gray hatching.  
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Figure B.17. Spatial distribution of the warm-season (Mar.-Aug.) mean intensity of the 
high precipitation events (85th percentile) contribution to total precipitation (unit: %) 
during 1982-2008 for (i) observations and (ii) model.   
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Figure B.18. Spatial distribution of the cold-season (Sep.-Feb.) mean intensity of the high 
precipitation events (85th percentile) contribution to total precipitation (unit: %) during 
1982-2008 for (i) observations and (ii) model.   
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Figure B.19. Spatial distribution of threshold (unit: mm) of the high precipitation events 
(95th percentile) at the warm season (Mar.-Aug.) during 1982-2008 for (i) observations 
and (ii) model.  
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Figure B.20. Spatial distribution of threshold (unit: mm) of the high precipitation events 
(95th percentile) at the cold season (Sep.-Feb.) during 1982-2008 for (i) observations and 
(ii) model.  
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Figure B.21. Spatial distribution of the warm-season (Mar.-Aug.) mean occurrence 
number of the high precipitation events (95th percentile) during 1982-2008 for (i) 
observations and (ii) model. (iii) The difference between  model and observations.  
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Figure B.22. Spatial distribution of the cold-season (Sep.-Feb.) mean occurrence number 
of the high precipitation events (95th percentile) during 1982-2008 for (i) observations 
and (ii) model. (iii) The difference between  model and observations.  
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Figure B.23. Spatial distribution of the warm-season (Mar.-Aug.) mean intensity of the 
high precipitation events (95th percentile) contribution to total precipitation (unit: %) 
during 1982-2008 for (i) observations and (ii) model.  
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Figure B.24. Spatial distribution of the cold-season (Sep.-Feb.) mean intensity of the high 
precipitation events (95th percentile) contribution to total precipitation (unit: %) during 
1982-2008 for (i) observations and (ii) model.  
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Figure B.25. Spatial distribution of trends (unit: % per decade) of cold-season (Sep.-Feb.) 
total precipitation during 1982-2008 for (i) observations and (ii) model. Areas where 
trends are statistically significant above the 95% confidence level are indicated with gray 
hatching. 
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Figure B.26. Spatial distribution of trends (unit: % per decade) of cold-season (Sep.-Feb.) 
number of rainy days during 1982-2008 for (i) observations and (ii) model. Areas where 
trends are statistically significant above the 95% confidence level are indicated with gray 
hatching. 
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Figure B.27. Spatial distribution of trends (unit: % per decade) of cold-season (Sep.-Feb.) 
intensity (mean precipitation amount per rainy day) during 1982-2008 for (i) observations 
and (ii) model. Areas where trends are statistically significant above the 95% confidence 
level are indicated with gray hatching. 
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Figure B.28. Spatial distribution of trends (unit: % per decade) of warm-season (Mar.-
Aug.) occurrence number of the high precipitation events (75th percentile) during 1982-
2008 for (i) observations and (ii) model. Areas where trends are statistically significant 
above the 95% confidence level are indicated with gray hatching. 
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Figure B.29. Spatial distribution of trends (unit: % per decade) of warm-season (Mar.-
Aug.) intensity of the high precipitation events (75th percentile) contribution to total 
precipitation during 1982-2008 for (i) observations and (ii) model. Areas where trends 
are statistically significant above the 95% confidence level are indicated with gray 
hatching. 
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Figure B.30. Spatial distribution of trends (unit: % per decade) of cold-season (Sep.-Feb.) 
occurrence number of the high precipitation events (75th percentile) during 1982-2008 for 
(i) observations and (ii) model. Areas where trends are statistically significant above the 
95% confidence level are indicated with gray hatching. 
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Figure B.31. Spatial distribution of trends (unit: % per decade) of cold-season (Sep.-Feb.) 
intensity of the high precipitation events (75th percentile) contribution to total 
precipitation during 1982-2008 for (i) observations and (ii) model. Areas where trends 
are statistically significant above the 95% confidence level are indicated with gray 
hatching. 
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Figure B.32. Spatial distribution of trends (unit: % per decade) of warm-season (Mar.-
Aug.) occurrence number of the high precipitation events (85th percentile) during 1982-
2008 for (i) observations and (ii) model. Areas where trends are statistically significant 
above the 95% confidence level are indicated with gray hatching. 
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Figure B.33. Spatial distribution of trends (unit: % per decade) of warm-season (Mar.-
Aug.) intensity of the high precipitation events (85th percentile) contribution to total 
precipitation during 1982-2008 for (i) observations and (ii) model. Areas where trends 
are statistically significant above the 95% confidence level are indicated with gray 
hatching. 
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Figure B.34. Spatial distribution of trends (unit: % per decade) of cold-season (Sep.-Feb.) 
occurrence number of the high precipitation events (85th percentile) during 1982-2008 for 
(i) observations and (ii) model. Areas where trends are statistically significant above the 
95% confidence level are indicated with gray hatching. 
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Figure B.35. Spatial distribution of trends (unit: % per decade) of cold-season (Sep.-Feb.) 
intensity of the high precipitation events (85th percentile) contribution to total 
precipitation during 1982-2008 for (i) observations and (ii) model. Areas where trends 
are statistically significant above the 95% confidence level are indicated with gray 
hatching. 
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Figure B.36. Spatial distribution of trends (unit: % per decade) of cold-season (Sep.-Feb.) 
occurrence number of the high precipitation events (95th percentile) during 1982-2008 for 
(i) observations and (ii) model. Areas where trends are statistically significant above the 
95% confidence level are indicated with gray hatching. 
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Figure B.37. Spatial distribution of trends (unit: % per decade) of cold-season (Sep.-Feb.) 
intensity of the high precipitation events (95th percentile) contribution to total 
precipitation during 1982-2008 for (i) observations and (ii) model. Areas where trends 
are statistically significant above the 95% confidence level are indicated with gray 
hatching. 
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Appendix C: Precipitation Physics for the Contiguous U.S. 
 
Appendix C describes the physical mechanisms of precipitation over the 
contiguous U.S. Physically, there are three mechanisms of precipitation occurrence: 
convective, stratiform, and orographic precipitation. Convective, or showery, 
precipitation occurs from convective clouds, under conditionally unstable or moist 
atmospheric conditions. This type of precipitation occurs over a localized region within a 
relatively short time period, since the horizontal scale of convective clouds is small 
(because of this, convective precipitation is usually poorly simulated by numerical 
models). In the midlatitudes, like most areas in the contiguous U.S., convective 
precipitation is also associated with cold fronts (typically occurs behind it), warm fronts 
(in very moist air), or squall lines. Stratiform, or nonconvective, precipitation occurs from 
nimbostratus clouds, along with frontal systems surrounding extratropical cyclones or 
depressions that move eastward in the westerly flow in the midlatitudes. Frontogenesis is 
closely associated with baroclinic instability. Usually light rainfall or drizzle with 
extended periods occurs along warm fronts, where warm air moves upward above cold 
air, and then gradually cools as the air expands when it is being lifted, and eventually the 
water content in the air condenses and forms clouds and precipitation. In comparison to 
warm fronts, stratiform precipitation caused by cold fronts usually lasts for shorter period 
but the intensity is greater, because cold air is denser than warm air, hence transition and 
formation of cold fronts are sharper than warm fronts. In addition, stratiform precipitation 
can also occur under various weather conditions along occluded fronts, with 
thunderstorms. In general, stratiform precipitation occurs when large air masses are force 
 164 
to move by large-scale atmospheric dynamics, while convective precipitation occurs at 
relatively smaller spatial and temporal scales. Moreover, precipitation can also be driven 
by topography, namely, orographic or relief precipitation, which is similar to stratiform 
precipitation, but the upward motion results from a moving air mass encountering a rising 
slope, e.g., Rocky Mountains, Appalachian Mountains. The lift of air mass up the side of 
the mountain leads to adiabatic cooling and, consequently, condensation and 
precipitation. In mountainous areas subject to relatively consistent winds (e.g., westerly 
over the midlatitudes of the contiguous U.S.), a humid climate usually prevails on the 
windward side of a mountain, where a rain belt is always observed because a great 
portion of moisture in the air is removed by orographic lift in the form of precipitation, 
leaving drier air mass on the warming descending leeward side, which result in a dry 
climate. This orographic effect is manifest in the western U.S. As an example, the Sierra 
Nevada mountain range blocks the Pacific moisture to reach in the far interior continent, 
and thus helps form deserts in the western U.S., e.g., in the Great Basin, with little 
precipitation.  
Over the contiguous U.S., large-scale (synoptic scale of 100 to 1000 km spatially 
and one day to one week temporally) precipitation is usually caused by synoptic scale 
storms (particularly along storm tracks), such as hurricanes, tropical storms, and 
cyclones. Tropical cyclones obtain energy from warm tropical oceans: the Atlantic 
Ocean, the Caribbean Sea, and the Gulf of Mexico, typically during the hurricane season 
of June to November. Tropical cyclones, often associated with storm surges (defined as 
large volume of ocean water pushed toward coastal areas by the cyclone’s strong winds), 
can lead to severe precipitation and flooding. Extratropical cyclones get their energy from 
 165 
the jet stream (e.g., Great Plains Low-Level Jet) and from temperature differences 
between cold, dry air masses from higher latitudes and warm, moist air masses from 
lower latitudes. Both topography and land-sea contrasts are key factors to enhance the 
formation of nocturnal low-level jets (LLJs) over the Great Plains and the Gulf of 
California, and further to assist precipitation occurrences in these areas. The Great Plains 
LLJ can also contribute to increase in precipitation over the central U.S., through 
transportation of moisture from the Gulf to the interior land of the contiguous U.S. 
particularly in the warm seasons. Generally speaking, the western parts of contiguous 
U.S. precipitate less in summer since the Pacific high pressure brings cool dry air mass 
down from the north.  
The North American (NA) monsoon, also called the Southwest U.S. monsoon, the 
Mexican monsoon, or the Arizona monsoon, is important to formation of summer 
precipitation over the southwestern contiguous U.S. Unlike the Pacific region of the 
contiguous U.S., precipitation in the NA monsoon is not related to large-scale midlatitude 
cyclones, but to thunderstorms, in which local topographic effects play a key role in 
spatial and even temporal distribution of convective precipitation, though the large-scale 
atmospheric motions contribute to the water vapor distribution and general circulation 
that are favorable for storm genesis.  The main reason is the Mexican Plateau, which 
causes a shift in wind patterns (change of the prevailing winds direction from ocean to 
land) over Mexico and southwestern U.S. with intense solar heating in summer. The NA 
monsoon, accompanied with the subtropical ridge (high pressure), and a trough of low 
pressure or a thermal low (which develops from intense surface heating), moves 
northward, and creates easterly-to-southeasterly winds, which transport the low level 
 166 
moisture from the Gulf of California and eastern Pacific to the drier areas, e.g., Arizona, 
Colorado and New Mexico, and also bring the upper level moisture from the Gulf of 
Mexico to these areas by easterly winds aloft. The monsoon is also associated with 
reduction of precipitation over the central U.S. with the reversal direction of winds 
(contrast to LLJs), making less moisture transportation from the Gulf to the interior land. 
Occasionally, the NA monsoon activities can be enhanced by the tropical waves passage 
and the entrainment of tropical cyclones remnants. In all, the NA monsoon precipitation 
accounts for a substantial fraction of annual total precipitation over the southwestern 
contiguous U.S., many regions of which receive more than half of annual total 
precipitation from the NA monsoon.  
In mesoscale (several km to 100 km spatially and hours to one day temporally), 
the diurnal cycle in precipitation is also prominent over the contiguous U.S. during 
summertime (the diurnal cycle is often poorly simulated by numerical models). 
Maximum precipitation appears in the late afternoon over the western and southeastern 
U.S., because the static instability and surface convergence promote moist convective 
motion and consequent precipitation over these regions. Over the eastern Rocky 
Mountains and the Great Plains, precipitation maxima occur from midnight to early 
morning (nighttime or nocturnal precipitation), associated with mesoscale convective 
systems (e.g. thunderstorms) generated from the Rocky Mountains and propagating 
eastward. To sum up, the coastal land effects, sea breeze circulations (convergence), solar 
heating, and diurnal changes in frictional drag of the planetary boundary layer can all 
contribute to the diurnal cycle of precipitation during summertime.  
In addition, interannual and decadal changes in precipitation are also associated 
 167 
with teleconnection patterns or climate modes. During wintertime, for instance, more 
precipitation occurs in the south of western U.S. and less in the north during El Nino 
phase, whereas the situation is the opposite during La Nina phase of ENSO (El Nino-
Southern Oscillation). The anomalous warming in the Pacific Ocean during El Nino 
phase can lead to increases in convective clouds and precipitation in the tropics, and then 
result in shift of subtropical jet stream, excitation of waves, and changes of midlatitude 
storm tracks and precipitation consequently. 
  
 168 
Appendix D: Additional Statistics of Total and High Precipitation Events  
 
The three tables in Appendix D summarize correlation coefficient and Kendall’s 
tau between CWRF and observations of the total and high precipitation events for each 
subregion at the interannual scale, warm season (Mar.-Aug.), and cold season (Sep.-
Feb.), respectively. Judging from both Pearson’s linear correlation coefficient and 
Kendall’s tau, there is always higher correlation between observations and the model in 
the total precipitation than in the high precipitation events over all the subregions in the 
three temporal scales (Tables D.1 to D.3), indicating that high precipitation events 
(particularly the 95th percentile heavy event) are more difficult to simulate well than the 
total or mean precipitation regardless of the spatial and temporal extents.  
At the interannual scale, the highest correlation of each precipitation category 
between the model and observations occurs in the West Coast (WC) subregion, and 
relative good correlation in the subregions of Midwest (MW) and Gulf-South (GS) (Table 
D.1). Similar findings of correlation in the seasonal scales are shown in Table D.2 and 
D.3, with greater correlation for each subregion appearing in the warm season than in the 
cold season, indicating that the model has better simulation skills in the warm seasonal 
precipitation than in the cold one mainly because of the model’s improvements in the 
warm-season convective precipitation. Pearson’s linear correlation coefficient is always 
greater (no less) than Kendall’s tau in each corresponding category, based on different 
calculating strategies. Overall, the model has consistent performance on correlation 
coefficient  (as well as Kendall’s tau) with trend analyses presented in previous sections.  
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